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Abstract

Accurate solubility prediction in supercritical carbon dioxide (scCO2) is crucial for

optimizing experimental design by eliminating unnecessary and costly trials at an early

stage, thereby streamlining the workflow. A comprehensive solubility database contain-

ing 31,975 records has been compiled, providing a foundation for developing predictive

models applicable to a diverse class of chemical compounds, with a particular focus

on drug-like substances. In this study, we propose a domain-aware machine learn-

ing approach that incorporates thermodynamic properties governing phase transitions

to solubility predictions in scCO2. Predictive models were developed using the Cat-

Boost algorithm and a graph-based architecture employing directed message passing

to identify the most effective approach. Furthermore, auxiliary properties of the so-

lute, including melting point, critical parameters, enthalpy of vaporization, and Gibbs

free energy of solvation, were predicted as part of this work. The findings underscore

the efficacy of incorporating domain-specific thermodynamic features to enhance the

predictive accuracy of scCO2 solubility modeling. The interpretation and the appli-

cability domain assessment have confirmed the qualitative selection of the employed

descriptors, demonstrating their ability to generalize to unique compounds that fall

outside the defined domain.

Keywords: Solubility; Supercritical carbon dioxide; Machine learning; Drug-like com-

pounds.

Introduction

Supercritical fluids are an environmentally friendly and efficient alternative to traditional

chemical solvents used in various industrial processes.1 Among the most widely utilized

supercritical fluids is carbon dioxide (scCO2), which is characterized by its safety, inertness,

non-flammability, ease of recycling, and high solvation potential for non-polar compounds.

With a critical temperature of 304 K and a pressure of 73.8 bar, scCO2 is a cost-effective fluid
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and particularly well-suited for processing thermally sensitive drugs/solutes, food-related,

and biological materials.

The application of scCO2 spans a wide range of fields, including the extraction of com-

pounds,2,3 biomass conversion,4 the production of micro- and nanoparticles,5–7 control of

polymorphic forms,8–10 impregnation,11,12 and polymer synthesis,13 among others. The su-

percritical fluid extraction method is thus comprehensively applied across various industries,

including pharmaceuticals, food, cosmetics, and beverages.14,15 Understanding solubility is

crucial for optimizing extraction parameters (temperature, pressure, and time) to maximize

the yield of target compounds. Furthermore, knowledge of solubility helps to predict the

behavior of substances during extraction, which is particularly important for developing

cost-effective and environmentally sustainable technologies. Another critical area where sol-

ubility in scCO2 plays a pivotal role is in the modification of pharmaceutical compounds,

which is essential for enhancing their bioavailability, dosing efficiency, and therapeutic appli-

cability. Nanonization technologies leveraging scCO2 have emerged as a promising approach

for producing drug nanoparticles, offering improved solubility, enhanced permeability of hy-

drophobic drugs, and greater stability.16 In addition, providing microparticles (usually with

the size range of 1–5 µm) of the inhalation drugs to be used in treatment of respiratory and/or

systemic diseases as inhaled pharmaceutical formulations17 is another important industrial

application for scCO2 technologies.

However, the experimental investigation of solute solubility in scCO2 presents significant

challenges, including substantial time requirements, high equipment costs, and variability in

results.18 Consequently, the development of computational modeling methods for predicting

solubility has become a critical task, as it can reduce the need for extensive laboratory

experiments and accelerate research and development processes.19

Currently, there are no universal methods for predicting the solubility of substances in

scCO2. A variety of computational approaches have been developed for predicting solubility

in scCO2.
20–24 These methods encompass density-based correlation models,24 equation-of-
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state (EoS) approaches,25 quantitative structure–property relationship models,26 classical

density functional theory (cDFT),22,27–29 molecular dynamics (MD) simulations20,21,30,31 and

others. Among these, density-based correlations and EoS methods are the most widely em-

ployed due to their relative simplicity and ease of use. However, these approaches rely on

experimental solubility data to calibrate computational parameters through fitting proce-

dures. In contrast, more complex methodologies, such as cDFT or full-atomic MD simula-

tion, focus primarily on solvation contributions and require experimental sublimation data

for the compounds under investigation.

Recently, machine learning (ML)-based approaches have emerged as a particularly promis-

ing direction for solubility prediction, as evidenced by a growing body of literature dedicated

to this topic.19 This study does not consider literature ML approaches based on limited

datasets, which typically include only a few compounds. Such models are generally unsuit-

able for predicting the solubility of novel solutes. However, there have been notable excep-

tions. For instance, studies26,32 have employed substantially larger datasets, encompassing

about a hundred compounds, to develop predictive models. Nevertheless, these studies have

employed random data splitting, resulting in an overly optimistic estimation of prediction

error. In contrast, our recent study33 employed a dataset comprising 187 substances, where

a rigorous data split revealed a substantially higher prediction error compared to random

splitting. However, this dataset remains insufficient for achieving robust generalization.

The development of modern approaches for predicting the properties of chemicals is pri-

marily focused on representation learning methods, including graph neural networks34,35 and

techniques based on SMILES processing.36–38 Recently, hybrid methods have been actively

advancing, such as pretraining on both graphs and SMILES simultaneously,39 multimodal

models that integrate descriptors, graphs, SMILES, and textual descriptions,40,41 as well as

the utilization of fine-tuned large language models.42 In this work, we compare the perfor-

mance of one of the most widely used architectures, the directed message passing neural

network (D-MPNN), and its hybridization with thermodynamic descriptors against the tra-
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ditional boosting-based approach.

In this study, we developed a global model based on the most extensive dataset, capable of

predicting solubility at specified pressures and temperatures solely from the molecular struc-

ture of the solute. The proposed approach simultaneously addresses closely related tasks,

including the prediction of solubility in scCO2, melting point, enthalpy of vaporization, crit-

ical pressures and temperatures, as well as Gibbs free energy of solvation. By advancing

toward more sustainable solutions, the methodology presented in this study serves as a valu-

able tool for researchers aiming to optimize supercritical fluid processes. We anticipate that

the integration of large-scale processes utilizing supercritical carbon dioxide as a medium will

accelerate the adoption of green chemistry methods and pave the way for a more sustainable

future, offering efficient alternatives to traditional organic solvents.

Methodology

Datasets and Data curation

A comprehensive dataset on the solubility of various solutes in subcritical and supercritical

carbon dioxide was compiled from 771 original literature sources. The resulting dataset

comprises a total of 31,975 data points encompassing 1,065 distinct compounds (Table 1).

Each data point includes corresponding experimental conditions, specifically temperature

and pressure, along with the solubility of the solute expressed as a mole fraction (y2). The

structures of all solutes were standardized and converted into computer-readable identifiers

using the Simplified Molecular Input Line Entry System (SMILES).43

The primary challenge associated with the compiled dataset was the presence of inter-

laboratory duplicates, i.e. solubility data for the same dissolved compounds were reported

by multiple sources under identical pressure and temperature conditions. In cases where

multiple experimental values were available for a given compound at the same pressure and

temperature, the median solubility value was selected. For identical isotherms, a systematic
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Table 1: Characteristics of datasets

Dataset Data points Chemicals Temperature ranges, K Pressure ranges, bar

Full 31975 1065 285.9 - 523 1 - 3494
Full (curated) 30771 1065 285.9 - 523 1 - 3494
scCO2 29029 1065 304.9 - 523 73.9 - 3494
Drug-like 19831 656 305 - 510.9 73.9 - 2700

data reduction procedure was implemented. This procedure involved merging data for each

isotherm (with a tolerance of ±1 K) and subsequently approximating the natural logarithm

of solubility values using a linear function dependent on CO2 density. It is obvious that

the quality of data and their validity is a major parameter in evaluating the models’ per-

formances. There are some differences in the reported data in the literature44 and large

variability is expected in repeating the measurement of the solubility in scCO2 even at the

same experimental condition.

Prior to this step, CO2 density for all experimental state parameters was calculated using

the Span and Wagner EoS.45 Given that a sharp increase in solubility can occur during the

transition from the subcritical to the supercritical state of CO2,
18 the data cleaning procedure

was applied exclusively to measurements conducted in the supercritical region. Solubility

values were averaged over three or more data points as a function of CO2 density. A relative

deviation of 10% between the approximated solubility value and the experimental data was

considered acceptable. Data points exceeding this deviation threshold were classified as

outliers and subsequently excluded from the purified dataset.

The application of this data purification procedure, illustrated using naphthalene as an

example (Figure S1, Supplementary Materials), resulted in a final dataset comprising 30,771

data points across 1,065 compounds. The adherence to these preprocessing criteria aimed to

optimize the dataset for enhanced reliability in predictive modeling and meaningful analyt-

ical insights. The complete dataset included only the solubility data of pure compounds in

subcritical and supercritical CO2, excluding any systems with cosolvents. For further anal-

ysis, two distinct subsets were derived. First, data corresponding to solubilities measured
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under subcritical CO2 conditions specifically at temperatures below 304.3 K and pressures

below 73.9 bar were excluded. The resulting subset was designated as the “scCO2 dataset.”

The second subset, referred to as the “Drug-like dataset”, comprised only compounds that

satisfied Lipinski’s rule of five.46 This subset excluded salts and complex compounds in which

metals were coordinated to the organic framework via coordination bonds.

The refined datasets were utilized to develop auxiliary predictive models. The melting

point dataset was compiled from two sources: one containing molecular compounds47 with

47,427 substances, and another covering salts48 with 3,064 substances. Data for critical tem-

perature (Tc), critical pressure (Pc), and enthalpy of vaporization (∆Hv) were obtained from

Yaws’ publication,49 which provides both experimental values and estimated data derived

from group contribution methods. The dataset included 4,031 compounds for Tc, 4,109 for

Pc, and 3,522 for ∆Hv.

Chemical Structure Representation and Machine Learning Algo-

rithms

The choice of molecular descriptors and feature representations is crucial in machine learning

tasks related to physicochemical properties, as they significantly impact prediction accuracy,

model generalization, and interpretability.50 The SMILES notation was employed to generate

two distinct molecular representation modalities: molecular descriptors and graph-based

representations. Building on insights from previous studies,33 we selected only the descriptor

set that demonstrated the highest predictive performance for scCO2 solubility in a dataset

comprising 187 solutes.

The Chemistry Development Kit (CDK, version 2.8)51 was utilized to calculate 14 differ-

ent types of molecular fingerprints and 287 molecular descriptors. These descriptors encom-

pass quantitative properties, structural fragments, graph invariants, and three-dimensional

(3D) molecular characteristics. However, due to numerous errors and the loss of crucial

data resulting from the structural complexity of certain compounds during optimization,
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the calculation of 3D descriptors was omitted. For salt, the calculation of descriptors was

performed with no special preprocessing, aiming at removal of small counterions; instead,

all ions were considered. The final salt descriptor values were obtained by averaging the

characteristics of all ionic components.

Subsequently, a standard descriptor filtering procedure52 was conducted. In the initial

stage, descriptors with zero variance, as well as those with absolute values exceeding 999,999,

were excluded. To minimize data redundancy, highly correlated descriptors (Pearson correla-

tion coefficient > 0.95) were grouped, and only a single representative (the first in sequence)

was retained from each group. The resulting filtered set of descriptors was used for further

model development.

Two machine learning approaches were employed for model development:

After evaluating several traditional ML models (Support Vector Regression, Bayesian

Ridge Regression, Random Forest Regression, eXtreme Gradient Boosting and CatBoost)

with baseline descriptors, we found CatBoost53 performed the best (see Table S1). It is an

advanced gradient boosting algorithm based on decision trees, specifically designed to handle

categorical data efficiently without the need for prior encoding. Gradient boosting constructs

models iteratively by combining weak learners, with each subsequent model correcting the

residual errors of the previous iterations. A distinguishing feature of CatBoost is its ability

to process categorical features directly, improving both model accuracy and training speed.

Previous studies have demonstrated the effectiveness of CatBoost-based models in predict-

ing molecular properties for small datasets, including molecular systems,33 mixtures,54 and

chemical reactions.55

The Graph Convolutional Neural Network (GCNN) model implemented in Chemprop56

extracts molecular features by first computing simple atomic and bond-level descriptors,

followed by multiple rounds of message passing through neural network layers to aggregate

structural information across the entire molecule. This process enables the generation of

a comprehensive molecular representation, which is subsequently processed by a fully con-
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nected feedforward neural network (FNN).

The message passing mechanism in GCNN is highly effective for capturing local atomic

environments, however, it may struggle to capture global molecular features, particularly in

large molecules where the longest molecular path exceeds the number of message passing

iterations.57 To enhance the predictive power of the GCNN model and incorporate global

molecular characteristics, 12 additional descriptors from RDKit58 were included: molecular

weight (MolWt), octanol-water partition coefficient (MolLogP), topological polar surface area

(TPSA), number of rotatable bonds (NumRotatableBonds), Balaban index (BalabanJ), num-

ber of hydrogen bond acceptors (NumHAcceptors) and donors (NumHDonors), total ring count

(RingCount), number of aliphatic and aromatic rings (NumAliphaticRings, NumAromaticRings),

fraction of sp3 hybridized carbons (FractionCSP3), and heavy atom count (HeavyAtomCount).

These descriptors provide high-level structural and physicochemical insights into the molecules,

improving the model’s ability to capture global molecular properties.

Distributed hyperparameter optimization for GCNN models was conducted using Ray

Tune.59 For CatBoost models, the default hyperparameters were employed.

Model Validation

A critical aspect in evaluating the predictive performance of a model is the division of

experimental data into a training set, used for model calibration, and a validation set, used

to assess the model’s generalization ability and prediction uncertainty. In this study, all

models underwent a 5-fold cross-validation (5CV) procedure. In the 5CV, the dataset was

randomly partitioned into five subsets, with the model trained and validated five times. In

each iteration, one subset served as the validation set, while the remaining four subsets were

used for training. This approach enables predictions to be generated for all data points, in

contrast to the conventional single-split method, which randomly (or stratified) divides the

data into separate training and test sets.

For properties dependent on state variables (temperature and/or pressure), different
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cross-validation strategies can be employed:60

1. Random split - may place identical chemical structures (SMILES) in both training and

test sets, potentially leading to data leakage;

2. SMILES split - ensures all state-dependent measurements for each compound remain

within the same fold;

3. Scaffold split - groups molecules by structural frameworks to assess generalization to

novel chemotypes.

The last two approaches represent strict splitting strategies.

Molecular scaffolds represent the core structures of molecules, obtained by removing

side chains and replacing specific functional groups. For scaffold-based partitioning, the

MurckoScaffold function from the RDKit library was utilized to extract the structural

backbone of each molecule. To eliminate stereochemical redundancy in the SMILES splitting,

their canonical representations were used. This ensured that stereoisomers – compounds with

similar solubility values were consistently placed in the same fold, preventing potential data

leakage across subsets.

Model performance was evaluated using three statistical metrics:

R2 = 1 −

n∑
i=1

(lg(ypred,i) − lg(yexp,i))
2

n∑
i=1

(lg(yexp,i) − lg(ȳexp))2
(1)

RMSE =

√√√√ 1

n

n∑
i=1

(lg(ypred,i) − lg(yexp,i))2 (2)

AARD =
1

n

n∑
i=1

∣∣∣∣ lg(ypred,i) − lg(yexp,i)

lg(yexp,i)

∣∣∣∣ · 100 (3)

where n is the number of data points; yexp is the experimental solubility value, ȳexp =

1
n

∑n
i=1 yi and ypred is the predicted solubility value. The average absolute relative deviation
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(AARD) was selected as an auxiliary metric since it represents a relative error that is less

susceptible to distortion by outliers compared to the root mean square error (RMSE ).

Model Interpretation and Applicability Domain Analysis

Interpreting the developed models is a crucial step in gaining insights into the obtained

results and understanding the underlying relationships within the data. The contribution

of individual features to model predictions was analyzed using the SHapley Additive ex-

Planations (SHAP) method.61 SHAP provides a comprehensive framework for interpreting

machine learning model outputs, leveraging principles derived from cooperative game the-

ory to fairly attribute the contribution of each feature to the final prediction. By applying

SHAP values, it is possible to quantify the impact of each molecular descriptor on solubil-

ity predictions, thereby enhancing the interpretability and transparency of the developed

models.

Training models based on experimental data is inherently susceptible to the presence

of outliers, which can adversely affect predictive accuracy and limit model generalization.

To mitigate these risks, it is crucial to establish a well-defined applicability domain (AD)

for the model.62 One of the most commonly used approaches for defining AD is the lever-

age method,63 which is widely applied in machine learning to determine the boundaries of

applicability. This method relies on two key components: leverage (h), which quantifies

the influence of a given sample on the regression model, and standardized residuals, which

measure the deviation between predicted and experimental values.

However, for nonlinear models, the conventional leverage calculation may be overly opti-

mistic, leading to inaccurate assessments of the AD. To address this limitation, the leverage

method was combined with a SHAP-based approach, which provides an estimate of the

contribution of each descriptor to individual predictions. By summing the absolute SHAP

values for each descriptor, the degree of influence of the solute on the solubility prediction

was estimated. This measure served as an analogue to leverage and was calculated using the
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following equation:

hi =
d∑

j=1

|SHAPij| (4)

where SHAPij represents the contribution of the j-th descriptor for the i-th sample, and d

denotes the total number of descriptors.

Unlike conventional leverage, SHAP leverage is not normalized and its magnitude is

directly dependent on the SHAP values themselves. Therefore, instead of using a classical

leverage threshold, the 95th percentile of the leverage distribution was employed to identify

influential points.

Standardized residuals (SDR) were computed in accordance with the standard leverage

approach, calculated as the difference between the experimental values yexp and the predicted

values ypred, followed by standardization. Predictions with residuals falling outside the range

[−3, 3] were classified as outliers based on the residuals criterion.

This combined methodology ensures a more robust definition of the model’s applicability

domain by integrating both descriptor contributions and residual analysis, enhancing the

reliability of the developed predictive models.

Thermodynamic Cycle of Dissolution

Representation-based neural network models, increasingly utilized to describe complex physic-

ochemical properties, require a substantial amount of training data. One approach to mit-

igate this need and enhance predictive performance is to incorporate chemical and physical

knowledge into the model architecture.

The thermodynamic cycle of dissolution can be conceptualized as a process involving the

transition of a substance from solid to liquid (melting), from liquid to gas (evaporation), and

then from the gas phase to the solvent (solvation), ultimately forming a solution (see scheme

in Figure 1). Building on this understanding, we can correlate each step of the cycle with a

physicochemical property that can be estimated or predicted to improve solubility models.
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Thus, we integrated the following physicochemical properties of the solute: melting point

(Tm), standard enthalpy of vaporization (∆Hv), and standard Gibbs free energy of solvation

in an infinitely dilute CO2 solution (∆Gsolv). Their physical meanings are as follows: the

melting point relates to the enthalpy of melting via the Clausius-Clapeyron equation, with

substances having higher melting points generally exhibiting lower solubility, as more energy

is required to break their crystal lattice; enthalpy of vaporization characterizes the energy

required for the phase transition from liquid to gas; and Gibbs free energy of solvation reflects

the interactions between solvent and solute molecules, with higher absolute values typically

indicating a greater tendency for the compound to dissolve in CO2.

Figure 1: Visualization of the working process. (a) The thermodynamic cycle of dissolution;
(b) Framework for developing models to predict solubility in scCO2.

Thus, we developed auxiliary models to predict key physicochemical properties, including

melting point, enthalpy of evaporation, critical temperature, and critical pressure. The latter

two are necessary for calculating the standard Gibbs free energy of solvation via the approach

based on classical density functional theory (cDFT).

The solvation free energy of a solute in scCO2, which directly correlates with its solubility

in the fluid, was estimated using a previously developed approach based on cDFT.27–29 In
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this framework, the grand thermodynamic potential of the system is expressed as a functional

of the fluid density, perturbed by a spherically symmetric effective potential generated by a

single site representing the solute molecule. The solvation free energy in the infinite dilution

approximation is then defined as the difference between the grand thermodynamic potential

of the perturbed by the solute fluid density and the potential of the unperturbed fluid density

at fixed temperature and pressure. The parameters of the effective Lennard-Jones interaction

potential between the fluid particles were determined by fitting the solvent critical point and

reproducing the coexistence curve using the model equation of state. The solute parameters

were obtained in the same manner.

Results and discussion

Dataset Analysis

The second phase of this study involved a detailed examination of the dataset to gain a

comprehensive understanding of its content and to identify any potential limitations that

could affect the modeling process. The distribution of decimal logarithmic solubility values

in the subCO2 and scCO2 datasets is shown in Figure 2a. Given that this distribution

approximates a normal distribution, it is anticipated that there will be no systematic bias in

the model predictions. The solubility values in the total dataset range from −9.1 to −0.19

on a decimal logarithmic scale, with a mean value of −3.96.

The experimental state parameter values range from 285.9 K to 523.0 K, in temperature,

with a mean 327.3 K, and from 1 to 3494 bar in pressure, with a mean of 198 bar (Figures

2b and 2c). Solubility measurements at temperatures above 400 K were sparse, and data

for pressures exceeding 500 bar were isolated. The dataset includes compounds exhibiting a

wide chemical diversity, featuring 42 unique atom types. Molecular sizes range from 1 to 273

atoms, and molecular weights from 16 to 1819 g mol−1. The molecular weight distribution

closely approximates a normal distribution, with an average value of 325 g mol−1 (Figure
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S2). This suggests that most compounds in the dataset are of medium to high molecular

weight.

The total number of compounds in the dataset includes 1039 organic compounds and 26

inorganic compounds. The compounds were analyzed based on the most common functional

groups they contain. The quantitative distribution of 13 functional groups in the full dataset

is presented in Figure 2d. The distribution of these functional groups, normalized to a

single occurrence per compound, is presented in Figure S3. The histogram shows that

structures with aromatic, carbonyl, halogen, and hydroxyl groups are the most common,

while those containing phosphate, sulfo-, or nitro- groups are significantly less common. The

chemical space of the full and drug-like subsets was analyzed using t-distributed stochastic

neighbor embedding (t-SNE)64 (Figure S4). The first two projections generated by t-SNE

captured most of the variation present in the dataset, which was originally represented in a

high-dimensional space derived from the Extended Connectivity Fingerprint (ECFP) with a

circular neighborhood radius of 2, encoded in a 2048-bit vector using RDKit. The resulting

scatter plot reveals that the compounds in the drug-like subset are clustered into a more

compact region, indicating a higher degree of molecular homogeneity within this subset. In

contrast, the full set displays a broader distribution, reflecting a greater diversity of chemical

structures.

Auxiliary Models

The models for auxiliary properties were evaluated using a validation protocol with random

data splitting. Models for melting point prediction were developed using the methodologies

outlined in Methodology Section. Comparative statistics for the models are shown in Fig-

ure S5. Our results were also benchmarked against previous studies.47,65 The first study47

utilized a molecular dataset of 47,427 compounds and a consensus of 11 individual models

with different descriptor sets, achieving an RMSE of 37.1 K during 5CV. Another study,65

built on the same dataset, and employing Gaussian Process Regression with bioinformat-
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Figure 2: Dataset Visualization. (a) Quantitative distribution of the logarithmic solubility
values for compounds in the subcritical and supercritical CO2 regions; Distribution of (b)
temperatures and (c) pressures values in the dataset; (d) Distribution of functional groups
in the dataset.
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ics descriptors from RDKit, as well as structural and quantum chemical features, yielded

a mean absolute error (MAE ) of 28.85 K. Our dataset, in addition to the same molecular

compounds, included 3,054 salts. The best-performing model, developed using a GCNN with

twelve additional RDKit descriptors, demonstrated superior performance with an RMSE of

35.3 K and an MAE of 25.5 K in 5CV.

Beyond inherent simplifications of the cDFT model, such as coarsening the internal chem-

ical structure of the solute and solvent molecules, a major challenge is determining the crit-

ical parameters of the solutes, as most compounds degrade thermally before reaching the

temperatures of interest. To predict critical temperatures, pressures, and enthalpies of vapor-

ization, a multi-task learning (MTL) GCNN model was additionally employed, augmented

with molecular descriptors accounting for intermolecular interactions. The MTL model out-

performed single-task GCNN:RDKit models but was less accurate than the CatBoost:CDK

models (Table 2). These performance metrics are inferior to those of the previously developed

MTL model66 for simultaneous prediction of these thermodynamic properties. However, our

models were trained on a dataset combining both experimental data and values calculated via

group contribution methods. This approach quadrupled the dataset size and consequently

expanded the chemical space coverage.

Table 2: Comparison of the RMSE for critical properties and enthalpies of vaporization
across models developed using different methods*.

STL:GCNN:RDKit MTL:GCNN:RDKit CatBoost:CDK

Tc, K 22.8±1.9 20.9±1.4 19.2±1.9
Pc, MPa 2.5±0.6 2.4±0.3 2.2±0.4
∆Hv, kJ/mol 4.2±0.6 4.0±0.5 3.9±0.5

*STL - single-task model; MTL - multi-task model; 5CV random splitting.

Models for Predicting Solubility in scCO2

Models for predicting the solubility of compounds in sub- and supercritical carbon dioxide

were developed using the curated full dataset, both with and without the additional generated
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thermodynamic features. An important but often overlooked aspect in the literature –

evaluation of the model’s performance on out-of-training set data – was addressed in this

study. The ability of a model to extrapolate to chemical structures that were not encountered

during training is rarely assessed in studies where property values depend on external state

parameters. This oversight may lead to an inaccurate perception of the model’s predictive

accuracy. To assess this capability, we employed various validation protocols that tested both

interpolation (prediction of solubility for chemicals within the dataset) and extrapolation

(prediction for new molecular structures). The reliability and stability of all models presented

in this section were evaluated using statistical parameters, including the mean and standard

deviation, based on the results of 5CV.

Random Data Splitting

In the baseline model, which combines the CatBoost method with filtered CDK descriptors,

additional features providing specific information about the phase transition process and

fluid density were incorporated. A stepwise analysis was conducted to evaluate the impact

of each added feature on the solubility prediction performance. Changes in the AARD of

these models, evaluated on randomly split test sets during cross-validation, are shown in

Figure 3a. All other metrics are presented in Table S2.

The results indicate that incorporating individual thermodynamic parameters – such as

Tm, ∆Hv, ∆Gsolv and ρCO2 – into molecular CDK descriptors, as well as their various com-

binations, consistently reduced errors compared to the baseline model. The GCNN:RDKit

models outperformed traditional CatBoost:CDK models, reducing prediction error by an

average of 12%. A scatter plot illustrating the performance of the GCNN model with all

descriptors is provided in Figure 3b.

Overall, for both approaches, the inclusion of external features improved model per-

formance, reducing AARD by 9% compared to the baseline model. This highlights the

importance of considering thermodynamic parameters when training models for solubility
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Figure 3: (a) Change in AARD of model predictions with the inclusion of thermodynamic
features in the base models CatBoost:CDK and GCNN:RDKit, where the uncertainty rep-
resents the standard deviation obtained from 5 predictions during cross-validation. (b) The
dependence of predicted versus experimental solubility values for the GCNN:RDKit model
with the inclusion of all thermodynamic parameters. Color bar indicates point density dis-
tribution.

prediction.

However, the strong performance of the models presented in this section should be inter-

preted with caution. In a random data split, the same molecular structure under different

state conditions could appear in different folds during cross-validation. As a result, the

model might have recognized specific compounds rather than developing a true generaliza-

tion capability.

Strict Validation

Under strict data splitting, where the model is required to predict entirely new and unique

chemical structures — thereby demonstrating its true generalization capability — baseline

models exhibited significantly higher errors compared to random splitting. Additionally,

model performance showed greater variability, as reflected in an increase in standard devia-

tion. This can be attributed to the varying complexity of the test set, which depends on the
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degree of similarity between test compounds and those in the training set.

Notably, the baseline GCNN:RDKit model demonstrated higher errors than the tradi-

tional CatBoost model, particularly when predicting the solubility of two small molecules:

water and iodine (Figure S6). In contrast, the descriptor-based model did not show such

significant deviations in its predictions for these compounds. Since the graph-based model

was primarily trained on organic compounds with similar topologies and atomic types, it

may not account for the unique atoms and interactions characteristic of iodine and water,

leading to these outliers. To investigate this further, we excluded these two compounds from

the dataset and retrained the models.

In the extrapolative validation protocol, incorporating fluid density and Gibbs free energy

of solvation had little impact on model performance (Figure 4a). However, adding other ther-

modynamic properties individually led to slight improvements in predictive accuracy. When

all descriptors related to solute phase changes and solvent behavior were included, predictions

improved by an average of 9% in terms of RMSE (Table S3 and 4b). A t-test comparing the

prediction results for models with and without thermodynamic parameters revealed p-values

below 0.05, indicating statistically significant differences. This finding reinforces the impor-

tance of taking into account thermodynamic parameters not only for random data splits but

also when predicting the solubility of entirely new molecular structures that the model has

not encountered before.

Unlike SMILES splitting, which organizes samples to ensure unique SMILES representa-

tions do not appear in different folds, scaffold-based splitting groups molecules by their core

structural frameworks and partitions the data accordingly. This approach allows the model

to be tested on chemical structures that differ significantly from those in the training set.

Such a method increases the complexity of the task and better simulates real-world condi-

tions, where the model encounters novel molecular types and must generalize its knowledge

to new chemical classes.

Baseline models trained using scaffold-based splitting exhibited the highest prediction
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Figure 4: (a) Changes in RMSE of model predictions during strict 5-fold cross-validation
with the inclusion of various thermodynamic features in the baseline models CatBoost:CDK
and GCNN:RDKit. Uncertainty bars represent variations between predictions during cross-
validation. (b) The dependence of predicted versus experimental solubility values for the
CatBoost:CDK model with all thermodynamic parameters included. Color bar indicates
point density distribution.

errors compared to other data-splitting strategies. Specifically, the GCNN:RDKit model

achieved an RMSE of 1.02, while the CatBoost:CDK model reached 0.97 lg(y2). This out-

come is expected, as clustered splitting is intentionally designed to challenge the model with

more complex test examples.

Consistent with previous validation protocols, incorporating additional physicochemical

and thermodynamic descriptors into the models improved predictive performance, reducing

RMSE by an average of 12%. The final RMSE values for the enhanced models with ac-

count of thermodynamic parameters (TP) were 0.91 for GCNN:RDKit and 0.85 lg(y2) for

CatBoost:CDK.

Subset Models

When modeling with filtered datasets (Table 1), we used the same model architectures as for

the complete dataset, incorporating all calculated features that had previously demonstrated

the best performance. A comparison of model performance on the two subsets was conducted
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to evaluate the impact of rare and structurally distinct data on prediction quality. This

approach helps determine whether filtering improves overall modeling outcomes by removing

noisy data or, conversely, leads to the loss of important information needed for more accurate

predictions.

The first subset included data exclusively related to the supercritical state of CO2. In this

state, carbon dioxide exhibits a density comparable to that of liquids while retaining the high

mobility and diffusion properties characteristic of gases. This makes CO2 a universal solvent

capable of effectively dissolving substances that remain poorly soluble in the subcritical state.

Data from the subcritical state of CO2 were excluded. Models trained solely on supercritical

condition data showed no changes in their statistical metrics compared to general models,

indicating that joint training on both subcritical and supercritical data is feasible.

The second subset was formed based on Lipinski’s rule. All rare examples, including

inorganic compounds, organic salts, and substances containing metals, were excluded to

focus solely on organic molecules.

Training the model on the drug-like subset using the SMILES protocol reduced RMSE for

CatBoost:CDK from 0.73 to 0.69 lg(y2) compared to the full dataset, and for GCNN:RDKit,

from 0.77 to 0.71 lg(y2). Using the scaffold protocol, the RMSE for CatBoost:CDK decreased

from 0.85 to 0.82 lg(y2), and for GCNN:RDKit, from 0.91 to 0.83 lg(y2). Separation of

drug-like molecules increased the homogeneity of the sample, improving prediction accuracy

within this subgroup. The GCNN:RDKit method demonstrated a particularly noticeable

improvement, approaching the performance of CatBoost:CDK. This higher performance may

be due to the graph-based model’s ability to better handle organic compounds with similar

topology and atomic types when trained predominantly on such structures. At the same

time, it may struggle to account for unique atoms and interactions characteristic of salts and

large molecules present in the full dataset. However, it should be noted that such filtering

limits the model’s applicability to a broader range of substances. Table 3 presents the final

results for models based on the full and drug-like datasets, validated using three different
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protocols.

Table 3: Statistical parameters of the model for the full and drug-like datasets

Random split SMLES split Scaffold split

CatBoost GCNN CatBoost GCNN CatBoost GCNN

Full
R2 0.967± 0.002 0.983± 0.002 0.73± 0.02 0.70± 0.05 0.59± 0.03 0.52± 0.07
RMSE 0.261± 0.009 0.223± 0.008 0.73± 0.04 0.77± 0.04 0.85± 0.09 0.91± 0.08
AARD, % 4.99± 0.16 3.75± 0.14 16.4± 2.9 16.9± 1.1 18.4± 5.2 18.9± 4.8

Drug-like
R2 0.977± 0.001 0.988± 0.002 0.76± 0.04 0.74± 0.04 0.64± 0.08 0.63± 0.06
RMSE 0.213± 0.005 0.200± 0.004 0.69± 0.05 0.71± 0.05 0.82± 0.09 0.83± 0.1
AARD, % 4.14± 0.08 3.24± 0.14 16.3± 2.3 16.8± 1.9 20.6± 5.6 20.5± 4.8

A consensus approach, averaging the predictions of the CatBoost and GCNN models,

achieved the lowest RMSE values for data splitting by SMILES (0.70 for the full dataset

and 0.67 lg(y2) for the drug-like subset). This approach leverages the strengths of each model,

contributing to a reduction in variance and systematic bias in the predictions.67 According

to the literature,68 optimal results in consensus modeling are achieved by integrating hetero-

geneous methods or diverse molecular representations, further validating the effectiveness of

the proposed approach.

It is important to acknowledge the generally high prediction error for new compounds;

however, such a result is expected, as achieving precise predictive accuracy remains chal-

lenging even for large datasets, including those involving aqueous solubility.69 Experimental

methods for determining solubility in scCO2 are known to be time- and resource-intensive,70

and the accuracy of such measurements is influenced by numerous factors. These include

the precision of state parameter measurements (e.g., pressure and temperature), control of

phase equilibrium, the choice of measurement method (static, dynamic, or gravimetric), and

the purity of the solute.71 Additionally, phenomena such as polymorphism72 and chemical

interactions between CO2 and the solute73,74 can significantly affect solubility, which must

be carefully considered when developing predictive models. These factors collectively con-

tribute to high experimental uncertainty, with substantial inter-laboratory variability.18,75
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We estimated this parameter by calculating the standard deviation across 159 compounds

with multiple measurement sources, yielding a value of 0.52 lg(y2) (Figure S7). This value

is close to the inter-laboratory experimental variability for aqueous solubility, which ranges

from 0.5 to 1 lg(molarity).76 This variability may cast doubt on the reliability of reported

solubility data in scCO2.

Model Interpretation

The transformation of input data into output predictions is often complex and challenging

to interpret, particularly for vector representations derived from natural language processing

methods and graph-based approaches. In this study, we conducted a feature importance

analysis for the CatBoost:CDK with TP model using the complete dataset. Figure 5a il-

lustrates the contributions of ten most influential features on the prediction of solubility in

scCO2. The analysis was performed using 5CV with a data splitting protocol based on unique

SMILES identifiers. The bee swarm plot depicts the impact of each feature on the model’s

predictions, where each point represents an individual compound with its corresponding

solubility, and the SHAP value is plotted on the abscissa axis.

The interpretation of the results (Figure 5a) reveals that the added physicochemical de-

scriptors play a pivotal role in the model’s performance. Solubility is governed by the balance

between the solute-solvent interaction energy and the energy required to disrupt the crystal

lattice or intermolecular bonds within the solute. For compounds with high melting points

and enthalpies of vaporization, the energy needed to break these bonds significantly exceeds

the interaction energy with scCO2, which, as shown in the figure, reduces solubility. No-

tably, the Gibbs free energy of solvation ranked only in the thirtieth tier of importance. This

may be due to high uncertainty associated with its theoretical estimation, where the input

parameters (predicted critical parameters) could contain systematic errors. Additionally, its

contribution may be implicitly captured by other descriptors in the model.

An increase in the values of certain descriptors related to molecular branching (e.g.,
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Figure 5: (a) Results from the SHAP approach illustrate the contributions of ten most
significant features for predicting solubility in scCO2. (b) Clustering of correlated features.

WTPT-5 and WPATH) and the number of hydrogen bond donors (nHBDon) leads to decrease

in predicted solubility, as they determine the type and strength of intermolecular interac-

tions. Conversely, an increase in fluid density and state parameters, as expected, enhances

solubility. Qualitative analysis indicates that the model successfully captures the fundamen-

tal structure-property relationships, which align well with established physical and chemical

principles of solubility modeling, thereby validating the its correct operation.

The descriptors are grouped into clusters based on their correlations, indicating similar-

ities in their influence on solubility (Figure 5b). For instance, such descriptors as density

of CO2 and pressure in the system, as well as melting point and nAtomP (a constitutional

descriptor representing the size of the longest conjugated system in the molecule), show the

highest positive correlations with each other. This clustering highlights the interconnected

nature of these features and their collective impact on solubility predictions.

Applicability Domain and Error Analysis

To identify outliers in the datasets and establish the range of compounds for reliable pre-

dictions, the applicability domain was assessed using SHAP leverage values for the Cat-
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Boost:CDK model. For more stable evaluation of the applicability domain, the analysis was

performed with 5CV. To account for model variability during cross-validation, SHAP lever-

age values from each test set were aggregated, and the results were presented in a William’s

plot (Figure 6a,b). The delineation of the reliable zone (shaded area) helps identify data

points that align with model expectations and fall within statistical reliability, facilitating

accurate dataset evaluation and interpretation.

For the complete dataset and the drug-like subset, the critical SHAP leverage values

(h∗) were 3.86 and 3.58, respectively. In the complete dataset, 1539 data points correspond-

ing to 163 compounds exceeded the h∗ threshold, while in the drug-like subset, 969 data

points corresponding to 101 compounds were beyond this limit, indicating that predictions

for these compounds may be less reliable. In the complete dataset, these 163 compounds

included a significant number of salts, dyes, and metal-containing compounds, which often

exhibit unique structural features (e.g., specific cations or anions, large number of functional

groups) that complicate predictions. These features may not be sufficiently represented in

the training set, leading to anomalous SHAP values and leverage. However, it is worth noting

that the prediction errors (standardized residuals) for these structurally distinct compounds

were not excessively large. This may be attributed to the fact that compounds with high

leverage values can represent unusual yet valid samples that the model interprets correctly,

suggesting that the model is well-trained on the primary dataset and demonstrates robust-

ness and strong generalization capabilities.

Notably, the drug-like subset contained fewer compounds beyond the h∗ threshold with

high prediction errors. For compounds with high leverage, certain descriptors may have a

pronounced influence, but the model’s predictions remain stable due to their consistency

with the trained model. This highlights the thoughtful selection of descriptors, which effec-

tively describe both the main distribution and rare data points. Thus, such outliers can be

considered ”suitable” for the model, even if they lie outside the primary distribution.

Most data points fall within the range of standardized residuals, indicating that the
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Figure 6: Applicability domain assessment using William’s plot: (a) Full dataset; (b) Drug-
like dataset. Black dashed lines represent the boundaries of the standardized residuals, while
the red dashed line indicates the critical SHAP leverage value. (c) Distributions of absolute
relative deviations of the CatBoost:CDK model across different functional groups.
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models perform correctly for the majority of the dataset. In the complete dataset, 458 data

points from 67 compounds exceeded the residuals boundaries, suggesting potential outliers

or errors in the experimental data. In the drug-like subset, this number was smaller, with

259 data points from 37 compounds.

An analysis of model predictions under extreme state conditions was also conducted. The

absolute relative deviations (ARD) were examined as a function of state parameters. For

rare pressures exceeding 500 bar (398 data points), the mean ARD was 16.8%, while for all

other data, the mean ARD was 17.6%. For rare temperatures greater than 400 K (489 data

points), the mean ARD was 14.7%, compared to 17.7% for all other data. Thus, we can

conclude that the model’s predictions for rare cases with extreme state parameters are, on

average, as accurate as those for common conditions.

The distributions of ARD for the CatBoost:CDK model across different functional groups

are presented in Figure 6c. The highest errors are observed for compounds containing amide

and metal-associated functional groups, which exhibit higher median errors compared to

most other groups. Additionally, these groups display substantial variability in prediction

errors, indicating the increased complexity of modeling such compounds.

The sulfonic group, was least represented in the dataset, demonstrated the smallest

median errors and a narrower range of ARD values, suggesting high prediction accuracy for

compounds containing this functional group. Most functional groups had similar median

ARD values; however, certain groups, such as aromatic and carboxylic acid, exhibited a

wider spread of error values (Figure S8).

Recently, experimental data on solubility in scCO2 for two drugs, Teriflunomide77 and

Rifampin,78 were published, covering a temperature range of 308 to 338 K and pressures

from 120 to 300 bar. These data were selected for external model validation. Notably,

Rifampin was absent from the training dataset, while Teriflunomide was included but only

at pressures up to 270 bar within the same temperature range. As a result, data points at

all temperatures at 300 bar were chosen for model validation.
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Predictions were made using two CatBoost:CDK with TP models—one trained on the full

dataset and another on the drug-like subset (Figure 7). Their respective RMSE values were

0.3 and 0.2 lg(y2). As expected, this shows that the model specialized in pharmaceuticals

outperformed the one trained on larger, more diverse dataset. The latter model had to

generalize across a broad spectrum of data, which may have reduced its accuracy for drug-

related predictions.

Figure 7: The dependence of predicted versus experimental solubility values for the Cat-
Boost:CDK model with TP. Teriflunomide (dark blue) and Rifampin (yellow).

Notably, for Rifampicin, a chemical structure previously unseen by the model (Figure

S9), it successfully reproduced observed in the experiment solubility crossover at a pressure

of 180 bar. Overall predictions for this compound were excellent at lower pressures, but

less accurate at higher ones. The structure of Teriflunomide was familiar to the model, but

predictions were made for new conditions (300 bar across several temperatures), leading to

slightly underestimated solubility values when comparing to the experimental ones.
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Conclusion

The largest database on the solubility of chemical compounds in supercritical carbon diox-

ide has been gathered, comprising 31,975 records. A CatBoost-based model with CDK

molecular descriptors and phase transition-related parameters was developed. This model

outperformed the GCNN model and demonstrated superior generalization ability for predic-

tion of solubility in supercritical fluid. Additionally, a consensus model, derived by averaging

the predictions of the CatBoost and GCNN models, achieved the lowest RMSE of 0.70.

The modeling in this study demonstrated that strong predictive performance on a ran-

domly split dataset does not guarantee superior predictions under a strict evaluation protocol.

This highlights the importance of thoroughly validating a model’s generalization capability

during its development.

The effectiveness of combining thermodynamic characteristics related to phase transitions

with fundamental CDK molecular descriptors and graph-based representations for solubility

prediction in scCO2 was demonstrated. This finding opens new possibilities for enhancing

predictive models of solubility in water and other solvents.

The SHAP-based approach was integrated with the leverage method to assess the models’

applicability domain, confirming the robustness and generalizability of selected descriptors,

even for rare compounds.

Models were deployed based on both the complete dataset and a subset restricted to drug-

like molecules. These models have been integrated into a production environment, capable of

providing real-time predictions for generating new compound-related data, including melting

points, critical parameters, enthalpy of vaporization, and solubility in scCO2. The models

are accessible at chem-predictor.isc-ras.ru. To obtain a prediction, users need to input

the SMILES representation of the solute (or draw its structure), along with the temperature

and pressure of the supercritical CO2.

30

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2 ORCID: https://orcid.org/0000-0001-5923-5662 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

chem-predictor.isc-ras.ru
https://doi.org/10.26434/chemrxiv-2025-17w5j-v2
https://orcid.org/0000-0001-5923-5662
https://creativecommons.org/licenses/by/4.0/


ASSOCIATED CONTENT

Data and Software Availability

The dataset and the final machine learning models are available at: https://github.com/

MDMISC/Solubility_scCO2.

Supporting Information

The Supporting Information is available free of charge at

Figure S1. Dependence of naphthalene solubility on CO2 density at 308 K; Table S1.

Comparative analysis of ML models performance for full dataset; Figure S2. Distribution of

the molecular weight of dissolved substances in scCO2; Figure S3. Distribution of functional

groups in the dataset, normalized to a single occurrence per compound; Figure S4. t-SNE

visualization of the chemical space for compounds in the full and drug-like datasets; Figure

S5. The dependence of the melting points values predicted on the values experimentally for

the CatBoost:CDK and GCNN:RDkit models; Table S2. Statistical parameters of the mod-

els for solubility prediction in scCO2 with random data splitting; Figure S6. The dependence

of predicted versus experimental solubility values for the GCNN:RDKit model and tree of

dissolved substances; Table S3. Statistical parameters of the models for solubility prediction

in scCO2 with SMILES data splitting; Figure S7. Diagram of absolute deviations between

experimental and approximated values for substances with inter-laboratory duplicates; Fig-

ure S8. Distributions of ARD of the CatBoost:CDK model across different functional groups;

Figure S9. Temperature dependence of solubility for Rifampin and Teriflunomide (docx).

31

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2 ORCID: https://orcid.org/0000-0001-5923-5662 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://github.com/MDMISC/Solubility_scCO2
https://github.com/MDMISC/Solubility_scCO2
https://doi.org/10.26434/chemrxiv-2025-17w5j-v2
https://orcid.org/0000-0001-5923-5662
https://creativecommons.org/licenses/by/4.0/


AUTHOR INFORMATION

Corresponding Authors

Dmitriy M. Makarov - G. A. Krestov Institute of Solution Chemistry of the Russian Academy

of Sciences, Ivanovo 153045, Russia; ;

E-mail: dmm@isc-ras.ru

Yury A. Budkov - Laboratory of Computational Physics, National Research University

Higher School of Economics (HSE University), Tallinskaya Street, 34, Moscow 123458, Rus-

sia; ;

E-mail: ybudkov@hse.ru

Authors

Nikolai N. Kalikin - G. A. Krestov Institute of Solution Chemistry of the Russian Academy

of Sciences, Ivanovo 153045, Russia; ;

Pavel Gurikov - Laboratory for Development and Modelling of Novel Nanoporous Materials,

Hamburg University of Technology, Eißendorfer Straße 38, Hamburg, Germany; ;

Sergey E. Kruchinin - G. A. Krestov Institute of Solution Chemistry of the Russian Academy

of Sciences, Ivanovo 153045, Russia; ;

Abolghasem Jouyban - Pharmaceutical Analysis Research Center and Faculty of Pharmacy,

Tabriz University of Medical Sciences, Tabriz 5165665931, Iran; ;

Michael G. Kiselev - G. A. Krestov Institute of Solution Chemistry of the Russian Academy

of Sciences, Ivanovo 153045, Russia; .

Author contributions

Conceptualization, D.M.M.; methodology, D.M.M., N.N.K. and Y.A.B.; software, S.E.K.;

validation, D.M.M. and N.N.K.; formal analysis, D.M.M.; investigation, D.M.M.; data cura-

tion, D.M.M. and N.N.K.; writing – original draft preparation, D.M.M. and N.N.K.; writing –

32

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2 ORCID: https://orcid.org/0000-0001-5923-5662 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://orcid.org/0000-0001-5923-5662
https://orcid.org/0000-0001-9061-2745
https://orcid.org/0000-0002-6949-231X
https://orcid.org/0000-0003-0598-243X
https://orcid.org/0000-0002-7024-0814
https://orcid.org/0000-0002-4670-2783
https://orcid.org/0000-0003-1189-3679
https://doi.org/10.26434/chemrxiv-2025-17w5j-v2
https://orcid.org/0000-0001-5923-5662
https://creativecommons.org/licenses/by/4.0/


review and editing, D.M.M., N.N.K., Y.A.B., P.G., A.J. and M.G.K.; visualization, D.M.M.

and N.N.K.; supervision, Y.A.B.; project administration, M.G.K.

Acknowledgement

Hyperparameter optimizations were performed on the supercomputer facilities provided by

NRU HSE. The article was prepared within the framework of the project ’Mirror Laborato-

ries’ HSE University.

Notes

The authors declare no competing financial interest.

References
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Figure S1. Dependence of naphthalene solubility on CO2 density at 308 K. The dashed line 
represents the linear approximation ln(y2) = f(ρCO2 ). The blue shaded area indicates the 
acceptable deviation range (±10%). All experimental points out-side this range were excluded. 

 

  

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2 ORCID: https://orcid.org/0000-0001-5923-5662 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2
https://orcid.org/0000-0001-5923-5662
https://creativecommons.org/licenses/by/4.0/


S3 
 

 

Table S1. Comparative analysis of ML models performance for full dataset. 

Model* R2 RMSE AARD, % 

Support Vector Regression 0.63 ± 0.06 0.85 ± 0.04 19.9 ± 1.8 

Bayesian Ridge Regression 0.17 ± 0.53 1.22 ± 0.31 24.2 ± 3.3 

Random Forest Regression 0.62 ± 0.09 0.86 ± 0.08 19.7 ± 2.3 

eXtreme Gradient Boosting 0.65 ± 0.06 0.83 ± 0.06 18.7 ± 1.5 

CatBoost 0.68 ± 0.03 0.80 ± 0.05 18.5 ± 2.1 

* The descriptors: filtered CDK, temperature and pressure of scCO2. All models were validated 
using 5CV with SMILES splitting. 

 

 

 

 

 
Figure S2. Distribution of the molecular weight of dissolved substances in scCO2 in the full 
dataset. 

 

 

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2 ORCID: https://orcid.org/0000-0001-5923-5662 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2
https://orcid.org/0000-0001-5923-5662
https://creativecommons.org/licenses/by/4.0/


S4 
 

 

 
Figure S3. Distribution of functional groups in the dataset, normalized to a single occurrence 
per compound. 

 

Statistical Analysis of Functional Groups (Figure S3). 

Thirteen distinct classes of functional groups were identified. Prior to statistical analysis, the data 
were normalized, meaning that if multiple identical functional groups were present within a 
molecule, only a single occurrence of each group was considered. 

Descriptive statistics revealed an average occurrence frequency of 233 ± 201 (mean ± standard 
deviation). Analysis of the distribution shape indicated moderate positive skewness (skewness 
coefficient = 0.82), suggesting a shift of the distribution toward lower values. The negative kurtosis 
value (-0.53) implies a more platykurtic (flatter) distribution compared to the normal distribution. 
The results of the Kolmogorov-Smirnov test (p-value = 0.62) did not provide statistical grounds 
for rejecting the null hypothesis of normality. 
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Figure S4. t-SNE visualization of the chemical space for compounds in the Full dataset 
(orange line) and Drug-like dataset (blue dots) 

 

(a) 

 

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2 ORCID: https://orcid.org/0000-0001-5923-5662 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2
https://orcid.org/0000-0001-5923-5662
https://creativecommons.org/licenses/by/4.0/


S6 
 

(b) 

 

Figure S5. The dependence of the melting points values predicted on the values 
experimentally and histograms of absolute errors: catBoost:CDK (a); GCNN:RDkit (b). 

 

Table S2. Statistical parameters of the models for solubility prediction in scCO2 with random 
data splitting.* 

 
CatBoost CDK Tm ΔHv ΔGsolv ρCO2 all 

R2 0.962 ± 0.002 0.964 ± 0.002 0.963 ± 0.002 0.963 ± 0.002 0.964 ± 0.002 0.967 ± 0.002 

RMSE 0.278 ± 0.008 0.272 ± 0.008 0.276 ± 0.009 0.277 ± 0.009 0.271 ± 0.009 0.261 ± 0.009 

AARD, % 5.49 ± 0.19 5.29 ± 0.19 5.42 ± 0.19 5.46 ± 0.18 5.26 ± 0.17 4.99 ± 0.16 

GCNN RDKit Tm ΔHv ΔGsolv ρCO2 all 

R2 0.970± 0.002 0.976± 0.002 0.974± 0.002 0.973± 0.002 0.979± 0.002 0.983 ± 0.002 

RMSE 0.247± 0.009 0.236± 0.011 0.242± 0.010 0.245± 0.009 0.230± 0.007 0.223 ± 0.008 

AARD, % 4.36 ± 0.09 4.21± 0.08 4.28± 0.10 4.31± 0.11 4.10± 0.08 3.75 ± 0.14 

*The thermodynamic parameters were added to the baseline models, both individually and 
collectively (all). 
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(a) (b) 
Figure S6. The dependence of predicted versus experimental solubility values for the 
GCNN:RDKit model (a). Tree of dissolved substances (b). 
A tree of dissolved substances was constructed by visualizing the full dataset and highlighting 
molecular drug-like compounds based on chemical structure similarity using the TMAP 
algorithm. Two substances, water and iodine, were excluded from the main connected tree. 

 

Table S3. Statistical parameters of the models for solubility prediction in scCO2 with SMILES 
data splitting.* 

CatBoost CDK Tm ΔHv ΔGsolv ρCO2 all 

R2 0.68 ± 0.06 0.72 ± 0.02 0.68 ± 0.05 0.68 ± 0.06 0.67 ± 0.08 0.73 ± 0.02 

RMSE 0.80 ± 0.08 0.75 ± 0.04 0.80 ± 0.08 0.80 ± 0.07 0.81 ± 0.09 0.74 ± 0.05 

AARD, % 18.5 ± 2.2 16.8 ± 1.4 17.8 ± 1.8 18.4 ± 2.0 18.5 ± 2.4 16.6 ± 1.4 

GCNN RDKit Tm ΔHv ΔGsolv ρCO2 all 

R2 0.64± 0.04 0.67± 0.03 0.65± 0.04 0.64± 0.05 0.63± 0.07 0.70± 0.02 

RMSE 0.83± 0.07 0.80± 0.05 0.82± 0.05 0.83± 0.05 0.85± 0.06 0.77± 0.04 

AARD, % 19.1± 2.1 18.4± 1.3 18.9± 1.4 18.9± 1.8 19.3± 1.9 17.8± 1.4 

*The thermodynamic parameters were added to the baseline models, both individually and 
collectively (all). 
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Figure S7. Diagram of absolute deviations between experimental and approximated values for 
substances with inter-laboratory duplicates. 

 

Analysis of inter-laboratory measurements (Figure S7). 

A direct comparison of experimental solubility values obtained by different research groups is not 
feasible due to the lack of repeated measurements for most compounds under identical state 
parameters. Therefore, we conducted a comparison based exclusively on solubility density-
correlation results, similar to the approach used to process the interlaboratory data. For this 
analysis, only compounds with more than one measurement source were considered. 

The standard deviation of all experimental data points from the approximated values was 0.17 
lg(y2) (based on 14,411 data points for 210 compounds). To assess significant discrepancies 
reflecting systematic errors rather than random variations, the subsequent analysis included only 
data points with an absolute deviation of ≥0.1 lg(y2). In this case, the standard deviation increased 
to 0.25 lg(y2) (based on 4,033 data points for 159 compounds). 

When considering only the maximum absolute deviations for each compound, the standard 
deviation for these points alone was 0.52 lg(y2). This value is close to the interlaboratory 
experimental variability for aqueous solubility, which ranges from 0.5 to 1 lg(molarity), defining 
the aleatory limit. However, there is no reason to assume that the experimental uncertainty should 
be lower when determining solubility in a supercritical solvent, where the measurement 
methodology is even more complex. 

  

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2 ORCID: https://orcid.org/0000-0001-5923-5662 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-17w5j-v2
https://orcid.org/0000-0001-5923-5662
https://creativecommons.org/licenses/by/4.0/


S9 
 

 

 
Figure S8. Distributions of ARD of the CatBoost:CDK model across different functional 
groups 

 

  
Figure S9. Temperature dependence of solubility for Rifampin (a) and Teriflunomide (b). The 
dots represent experimental values, while the lines indicate predictions. 
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