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A B S T R A C T

The solubility of carbon dioxide (CO2) in solvents is important for carbon capture and utilization technologies, 
with ionic liquids (ILs) being promising due to their ability to capture CO2. Since the number of possible ILs is 
huge, predicting CO2 solubility during solvent screening is essential. In this work, various machine learning (ML) 
models including multiple linear regression, artificial neural network, and random forest, were developed by 
using 9864 data points covering 124 ILs and descriptors from the σ-profile for predicting CO2 solubility in ILs. 
The random forest model produced the best performance (R2 = 0.9754 and MAE = 0.0257). We estimated the 
importance of the descriptors, highlighting that those with non-polar characteristics of the σ-profile are 
important. Lastly, we predicted CO2 solubilities for 1444 unstudied ILs. The combination of ML with the σ-profile 
descriptors offers great generalizability for predicting CO2 solubility in ILs. This enables IL screening for CO2- 
related applications.

1. Introduction

Carbon capture and utilization have gathered extensive attention 
recently (Aghaie et al., 2018). Well-known large-scale carbon capture 
technologies such as solvent-base chemisorption, carbonate looping, 
and oxyfuel processes already exist (MacDowell et al., 2010). However, 
there is room for improvement regarding these technologies. An inter
esting strategy for reducing CO2 emissions is to integrate carbon capture 
and utilization, which offers many advantages compared to carbon 
capture alone, such as the decreased need for CO2 transportation, stor
age, and purification (Sun et al., 2021).

Ionic liquids (ILs) have recently drawn attention for their potential 
applications in carbon capture (Aghaie et al., 2018) and utilization 
(Chen and Mu, 2019). ILs consist of a combination of anions and cations 
while having a melting point below 100◦C. ILs are known for their 
distinct properties, such as negligible vapor pressure, high thermal sta
bility, and capacity to dissolve gases (Lei et al., 2014; Zeng et al., 2017). 
A unique feature of ILs is their tunability, where properties such as 
viscosity, melting point temperature, and CO2 solubility can be tailored 
by changing the combination of cations and anions. However, there are 
at least a million ion combinations (Rogers and Seddon, 2003), which 
emphasizes the importance of the ability to predict optimal IL for 
various applications.

The CO2 solubility in ILs can be predicted using thermodynamic 
models. The idea of the group contribution (GC) method has been 
combined with thermodynamical theory in the UNIFAC model 
(Fredenslund et al., 1975), which is extended to include ILs (Chen et al., 
2020; Zhou et al., 2021). Phase equilibrium predictions can be made 
based on quantum chemical calculations without any additional 
parameter fitting by using COSMO-RS (Klamt, 1995), which has been 
utilized for the prediction of CO2 solubility in ILs (Diedenhofen and 
Klamt, 2010; Islam et al., 2022). The equation of state (EOS) is one 
approach for modeling CO2 solubility in ILs, whereas advanced EOS 
such as PC-SAFT (Chen et al., 2012), SAFT-VR Mie (Beraldo et al., 2024), 
and CPA (Wang et al., 2023) have been applied as modeling options for 
CO2 solubility. The benefit of thermodynamic theories is that they 
provide a theoretical background for predictions. Nevertheless, making 
predictions can be challenging when several parameters are unavailable.

The machine learning (ML) method used together with the quanti
tative structure–property relationship (QSPR) approach has gained 
increasing attention in modeling the properties of ILs (Koutsoukos et al., 
2021). The ML modeling approach is suitable for screening purposes 
(Sun et al., 2023). Screening could be performed using standard EOS 
models such as PC-SAFT. However, the ML modeling approach can be 
better for screening a wider range of candidates than PC-SAFT. 
Obtaining parameters for a large number of candidates can be 
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difficult, especially when the necessary experimental data is missing. On 
the other hand, PC-SAFT is based on the theory of thermodynamics, 
which might give confidence when extrapolating predictions. However, 
obtaining optimal parameters for a large number of ILs can be chal
lenging. The benefit of the ML method is its ability to recognize patterns 
between inputs and large amounts of data. Thus, the ML method can 
give accurate estimations within the range of the used data in model 
training. This methodology can extrapolate predictions, but the extent to 
which it can do so depends on multiple factors. Typically, this is eval
uated by estimating the applicability domain (AD) (Netzeva et al., 
2005). The AD can be estimated by calculating the leverage and prin
cipal component analysis or by checking the range of the used data. The 
importance of descriptors can also indicate the AD, while the importance 
of descriptors could be estimated by calculating the SHAP (SHapley 
Additive exPlanations) values, which have been used for understanding 
the behavior of ML models developed for predicting the properties of ILs 
(Lemaoui et al., 2024; Liu et al., 2023; Yang et al., 2024).

In addition to ML modeling, the deep learning modeling approach 
has been used successfully for predicting CO2 solubility in ILs. The GC 
descriptors have been used in deep learning modeling together with 
deep neural networks and long short-term memory network methods 
(Ali et al., 2024). The solubility has been modeled by incorporating 
different optimization methods together with the standard deep learning 
models (Davoodi et al., 2024). In addition, graphical information of 
molecular structures has been used for predicting CO2 solubility in ILs 
using graph neural networks (Jian et al., 2022).

The GC approach, combined with the ML method, is widely used. In 
the GC method, the molecular structure is divided into various func
tional groups, which are used as descriptors for model regression. Song 
et al. (2020) developed artificial neural network (ANN) and support 
vector machine (SVM) models for predicting CO2 solubility in 124 ILs by 
using 10,116 data points. GC descriptors have also been used in deep 
ANN models (Ali et al., 2024). Recently, Yang et al. (2024) have 
developed models for the same dataset using hybrid descriptors, 
combining new descriptors with the GC descriptors. Both GC-based 
models have a large number of descriptors (53 and 133). However, 
the GC method has limitations, as it relies on predefined functional 
groups. If a specific compound has groups that are not present in the 
training procedure, then predictions cannot be made. The GC method 
might have problems when the number of certain functional groups is 
high or complex geometrical orientations of atoms are important, for 
example, in the case of isomers (Gani, 2019). There is no strict limit for 
the number of descriptors. Generally, it is recommended that the num
ber of descriptors does not exceed half the number of data points (Le 
et al., 2012) to avoid overfitting and maintain generalization. In addi
tion, it is important that descriptors not only boost the performance but 
also give meaningful insight into the underlying phenomena.

Together with other ML methods, QSPR modeling approaches have 
been used to predict CO2 solubility in ILs. The capabilities of the QSPR 

Fig. 1. The method for calculating descriptors from the σ-profile.

Fig. 2. The σ-profile segmentation for [BMIM] cation and [Tf2N] anion.

Fig. 3. Schematic representation of the developed ANN architecture.
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approach have been studied by using multiple linear regression (MLR) 
and SVM to model solubility and Henry’s law constant of CO2 in ILs 
(Ghaslani et al., 2017; Mehraein and Riahi, 2017). Both concluded that 
SVM is more capable of modeling these systems. Recently, Benmouloud 
et al. (2024) used the QSPR approach to develop ANN and SVM models 
for predicting CO2 solubility, and they used 13 PaDel descriptors. The 

Fig. 4. A schematic representation for RF modelling.

Fig. 5. Frequency of cations (a) and anions (b) in the experimental dataset.

Table 1 
MLR model descriptors, parameters, and parameter values.

Descriptor Parameter Value

LnT w1 −2.0091785
LnP w2 1.039453
√P w3 −0.0148984
Sc1 w4 34.2180538
Sc2 w5 7.9600065
Sc3 w6 −8.6487222
Sc4 w7 −47.0001673
Sa1 w8 6.4377259
Sa2 w9 −1.6507327
Sa3 w10 5.0114099
Sa4 w11 2.5931122

Table 2 
Statistical parameters (R2 and MAE) obtained from the developed ML models 
and the literature.

Model R2 

(training 
set)

R2 

(test 
set)

MAE (training 
set)

MAE 
(test 
set)

MLR (this work) 0.8647 0.8678 0.0531 0.0532
UNIFAC (Zhou et al., 2021) 0.8799b a 0.0443b a

UNIFAC (Chen et al., 2020) 0.8778 0.6301 0.0477 0.0850
ANN (this work) 0.9757 0.9741 0.0235 0.0240
ANN (Song et al., 2020) 0.9842 0.9836 0.0200 0.0202
ANN (Ali et al., 2024) 0.991 0.986 0.0141 0.0171
ANN (Benmouloud et al., 

2024)
0.9807 0.9828 0.0199 0.0195

RF (this work) 0.9853 0.9754 0.0198 0.0257
RF (Liu et al., 2023) 0.9973 0.9817 0.0076 0.0210
RF (Venkatraman and 

Alsberg, 2017)
0.9200b ​ 0.0400b ​

RF (Ali et al., 2024) 0.974b a 0.0232b a

a = not reported in the literature.
b = global.
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random forest model (RF) has been applied to predicting CO2 solubility 
in ILs by using an extensive dataset (Venkatraman and Alsberg, 2017). 
The model results were compared to COSMO-RS predictions, in which 
the QSPR approach with the RF model was more accurate. In addition, 
ML models have been developed for predicting CO2 in ILs by using 
structural encoding (Liu et al., 2023).

One approach for ML modeling is to use the σ-profile-based de
scriptors. The σ-profile represents the distribution of screening charge 
density on a molecule’s surface, whose geometry is optimized using 
quantum chemistry (Klamt, 2005). It provides insight into how mole
cules interact at a molecular level. The σ-profile compresses three- 
dimensional information to a two-dimensional histogram, which is a 
key advantage of using σ-profile-based descriptors. Thus, it has better 
generalizability than the GC descriptors, which are restricted to the 
functional groups included in the model development. On the other 
hand, obtaining σ-profile-based descriptors can be challenging and time- 
consuming since they are calculated via quantum chemistry methods. 
The σ-profile has been used as a descriptor in ML modeling for predicting 
a wide range of IL properties such as density, viscosity, and melting 
point temperature (Lemaoui et al., 2024; Zhao et al., 2015). From an ML 
modeling point of view, the σ-profile descriptors have a balance between 
the number of descriptors and the performance (Darwish et al., 2024; 
Lemaoui et al., 2024). The σ-profile descriptors have been used suc
cessfully in ML modeling of CO2 solubility in deep eutectic solvents 
(DES) (Lemaoui et al., 2023; Mohan et al., 2024; Wang et al., 2021). As 
far as we know, the σ-profile descriptors have not been used to predict 
CO2 solubility in ILs using an extensive dataset and ML methods.

The purpose of this work is to provide an alternative approach for 
overcoming the limitations of the GC method for predicting CO2 

solubility across a wide range of ILs. First, we developed an MLR model 
based on the σ-profile descriptors. Following this, non-linear ML 
methods including ANN and RF, were applied. Lastly, we tested the 
predicting abilities of the models by predicting CO2 solubility for 1568 
ILs. The methodology is presented in Section 2, and the model devel
opment in Section 3. The results and discussion are in Section 4, and 
predictions made with the developed model are in Section 5. Lastly, the 
conclusions are provided in Section 6.

2. Methodology

2.1. Dataset

We obtained the experimental dataset for developing the MLR, ANN, 
and RF models from the work of Song et al. (2020). The dataset origi
nally had 10,116 data points for 124 ILs, but after removing duplicated 
points, 9684 data points remained. The complete dataset and descriptors 
are provided in Table S1, and the removed duplicate points are specified 
in Table S2. The temperature, pressure, and solubility range from 
243.15 K to 453.15 K, from 0.798 kPa to 49990 kPa, and from 
0.0000648 to 0.9516 in mole fraction (xCO2) in the dataset. The names 
and abbreviations of the ions can be found in the Table S3.

2.2. The σ-profile descriptors

The σ-profile is an essential part in the theory of COSMO-RS, where it 
represents the polarity of the molecule, calculated from quantum 
chemistry (Eckert and Klamt, 2002; Klamt et al., 1998). The σ-profile is a 
two-dimensional histogram derived from three-dimensional optimized 

Fig. 6. Comparison between experimental data and (a) MLR, (b) ANN, and (c) RF models.
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geometry, where the x-axis corresponds to a specific surface charge with 
a unit of e/Å2, and the y-axis tells the likelihood (amount) of finding this 
surface charge in the molecule. The surface charge is reported at 0.001 
e/Å2 intervals, and its range is typically from −0.03 to 0.03 e/Å2.

The methodology of deriving the descriptors from the σ-profile for 
machine learning models is summarized in Fig. 1. First, we collected the 
σ-profiles of ions from the database (COSMObase 2023). If the σ-profile 
was not available in the database, we calculated it with the quantum 
chemical calculations using TURBOMOLE V7.8 and TZVP-basis set. The 
actual σ-profile calculations were performed in the COSMOtherm 2023 
software with BP-TZVP_23.ctd parametrization. The final σ-profile was 
calculated from the conformation which had the lowest energy.

Following this, the σ-profiles of cations and anions were divided into 
four segments (Sc1-Sc4 and Sa1-Sa4) with specific intervals (Fig. 2.). These 
represent the hydrogen bond donor (HBD), non-polar, and hydrogen 
bond acceptor (HBA) characteristics (Lemaoui et al., 2024). Sc1 and Sa1 
are calculated from −0.03 to −0.008 e/Å2 and correspond to HBD 
characteristics. Sc2 and Sa2 are calculated from −0.008 to 0 e/Å2, while 
Sc3 and Sa3 are from 0 to +0.008 e/Å2, which are related to non-polar 
characteristics. Sc4 and Sa4 are calculated from +0.008 to +0.03 e/Å2 

corresponding to HBA characteristics. Finally, the surface area of each 
segment was calculated by using MATLAB® and the trapz function.

2.3. Multiple linear regression

MLR is a widely used ML method for modeling IL properties such as 
density, viscosity, surface tension, and melting point temperature (Cao 
et al., 2024; Koutsoukos et al., 2021; Lemaoui et al., 2024; Zhao et al., 

2015). In addition, MLR has been applied to modeling CO2 solubility in 
ILs (Mehraein and Riahi, 2017). In the MLR method, linear equations are 
regressed between data and independent variables, where simplicity is 
one of its benefits. MLR method is formulated in Eq. (1). 

y = w0 + w1β1 + w2β2 + w3β3 + ... (1) 

Where y = predicted property, w = adjustable parameter, and β =

descriptor.
We developed the MLR model in MATLAB® by using an algorithm 

called GlobalSearch. We also constrained this algorithm to have values 
between 0 and 1 for predicted CO2 solubility to ensure that predictions 
are physically meaningful. Without this constraint, the regression pro
duced physically infeasible results without a significant increase in 
accuracy.

2.4. Artificial neural network

ANN is a popular ML technique inspired by biological neural net
works. It uses neurons as a computational unit, and each layer is con
structed from a set of neurons. The weighted input for neurons is 
calculated by the activation function, which can be linear or non-linear. 
The design of the ANN model is constructed by several neurons and 
layers as well as the choice of activation functions. ANN model can be 
applied for complex modeling due to jointly fitted parameters 
(Aggarwal, 2018). However, ANN can be vulnerable to overfitting the 
data, in which the model learns the noise in addition to patterns from the 
data (Koutsoukos et al., 2021). ANN has been widely used in predicting 

Fig. 7. The deviation between experimental data and (a) MLR, (b) ANN, and (c) RF models.
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pure IL properties (Lemaoui et al., 2024; Paduszyński, 2019). Moreover, 
ANN modeling has been applied to predict CO2 solubility in ILs by using 
GC (Song et al., 2020) and PaDel (Benmouloud et al., 2024) descriptors.

The ANN model developed here has two hidden layers with 8 and 6 
neurons. Typically, one hidden layer is sufficient for an ANN model 
(Aggarwal, 2018). However, it was observed that using two hidden 
layers significantly decreased the number of unphysical predictions (see 
Section 5). A schematic representation of the developed neural network 
architecture is shown in Fig. 3. The input layer transmits descriptors for 
the first hidden layer without any computations. Weights (w) and biases 
(b) are added to input matrix (x) containing descriptors (Ln T (K), Ln P 
(kPa), and segments) as input in Eq. (2). 

f1(a1) = f1(w1 × x + b1) (2) 

The activated signal (a) continues to the first hidden layer through 
activation functions. This is repeated for all hidden layers, as shown in 
Eq. (3)–(4). 

f2(a2) = f2(w2 × f1(a1) + b2 ) (3) 

f3(a3) = f3(w3 × f2(a2) + b3 ) (4) 

Two hidden layers are activated with the hyperbolic tangent sigmoid 
function (tansig) described in Eq. (5). The signal from the last hidden 
layer is transferred to the output layer where the objective function is 
calculated. We utilized a linear activation function (purelin) to transfer 
the output signal as shown in Eq. (6), while the target was set to Ln xCO2. 

f1(x) =
2

1 + e−2x − 1 (5) 

f3(x) = x (6) 

2.5. Random forest

The RF method (Breiman, 2001) is a decision tree-based approach for 
ML modeling. It is a popular approach for predicting IL properties such 
as density, viscosity, melting point temperature, and CO2 solubility (Cao 
et al., 2024; Koutsoukos et al., 2021; Lemaoui et al., 2024; Venkatraman 
and Alsberg, 2017). In the RF modeling approach, descriptor space is 
split into sets of rectangles (trees) that can be used to train the model. 
The advantage of the RF method arises from the idea of training an 
extensive number of non-correlative (random) trees and then averaging 
them. This method naturally avoids overfitting, which can be a problem 
for other tree-based ML models. However, the RF method is likely to 
perform poorly with a small dataset. For a regression problem, the 
output is taken from averaging the result of multiple trees. The function 
for regression problems in the RF method is shown in Eq. (7) (Hastie, 
2009). A Schematic representation of the RF concept is shown in Fig. 4. 

f̂
B
RF(x) =

1
B

∑B

b=1

T(x; Θb) (7) 

Where f̂
B
RF = model prediction, b = 1, 2…B is bootstrap sample, x de

scriptors, T = prediction from tree after all has been grown, and Θb = b: 

Fig. 8. The distribution of errors for (a) MLR, (b) ANN, and (c) RF models.
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th random forest tree.
We developed the RF model by utilizing the MATLAB® Treebagger 

function with the following characteristics: 50 trees and a minimum 
node size of 5. We used P (kPa), T (K), and segments as descriptors, with 
xCO2 as a training target.

2.6. Descriptor importance evaluation

Evaluating the importance of descriptors is a crucial part of model 
development. The importance of descriptors offers insight into the 
developed ML models and helps evaluate their predictive capability. The 
SHAP values offer a robust way to evaluate the complex impacts of 
descriptors on ML models (Lundberg and Lee, 2017). The SHAP provides 
a clear and consistent explanation for how descriptors influence the 
model outcome. This is estimated by calculating SHAP values for each 
individual descriptor according to Eq. (8). In the SHAP analysis, positive 
values indicate a positive contribution, while negative values indicate an 
opposite effect. 

g(z’) = ф0 +
∑M

i=1
фiz’

i (8) 

Where g is explanatory model, z is telling that does descriptor exist (0,1), 
M is number of inputs, фi is Shapley values for each descriptor, and ф0 is 
the constant correction factor.

3. Model development

We developed MLR, ANN, and RF models to predict CO2 solubility in 
ILs. We divided training (Table S4) and test (Table S5) sets with an 80/ 

20 ratio. All anions in the dataset were included in training and test sets. 
This data division was used since the experimental data is unevenly 
distributed between ions, where [BMIM], [HMIM], [EMIM], and 
[OMIM] dominated the cation distribution (Fig. 5a) and [Tf2N], [BF4], 
[PF6], [C(CN)3], and [TfO] dominated the anion distribution (Fig. 5b). 
This way, we ensured that the variability of cations and anions was high 
in trained models.

We used two criteria for selecting the final models. The first criterion 
was the accuracy of regression calculated with R2 (Eq. (9)) and MAE (Eq. 
(10)), and the second was to have a minimum amount of unphysical 
predictions (under 0 or over 1 xCO2). The second criterion was followed 
by making solubility predictions at 5000 kPa and 323.15 K temperature 
for all possible cation and anion combinations from the used data, 
resulting in 1568 ILs and solubility predictions. 

R2 = 1 −

∑n
i=1

(
yexp

i − ypre
i

)2

∑n
i=1

(
yexp

i − yi
)2 (9) 

MAE =

∑n
i=1

⃒
⃒yexp

i − ypre
i

⃒
⃒

n
(10) 

Where yexp is experimental value, ypre is predicted value, y mean of 
experimental values, and n is number of data points.

4. Results and discussion

The developed MLR model for predicting CO2 solubility in ILs is 
shown in Eq. (11), and values for regressed parameters are presented in 
Table 1. We used two variables to describe the pressure behavior in the 
MLR model. This approach was taken since it significantly improved the 
accuracy of the MLR model. 

Fig. 9. Evaluation of descriptor importance via SHAP values for the (a) MLR, (b) ANN, and (c) RF models.
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Ln(xCO2 ) = w1Ln(T) + w2Ln(P) + w3
̅̅̅
P

√
+ w4Sc1 + w5Sc2 + w6Sc3 + w7Sc4

+ w8Sa1 + w9Sa2 + w10Sa3 + w11Sa4

(11) 

The accuracy of all developed ML models is presented in Table 2, and the 
models are compared to experimental data in Fig. 6. The performance of 
the MLR model was compared to the UNIFAC models (Chen et al., 2020; 
Zhou et al., 2021). The model from the study by Zhou et al. (2021) uses 
the same dataset as in this work (with duplicated points, see Section 2) 
and they calculated the activity coefficient for ILs instead of CO2 solu
bility expressed as mole fraction (xCO2). Thus, xCO2 was calculated using 
the same approach as in their work (Table S6). Chen et al. (2020) used a 
significantly smaller dataset consisting of 3428 data points with re
ported xCO2 values. The accuracy of the MLR model is comparable with 
UNIFAC models. The UNIFAC model is derived from thermodynamics, 
thus it is surprising that it produces unphysical CO2 solubility pre
dictions (xCO2 > 1 or 0 > xCO2). The UNIFAC models had a similar 
number of physically unphysical predictions (125 Zhou et al. (2021) and 
120 Chen et al. (2020)), corresponding to 1.2 % and 3.5 % from all 
solubility predictions, respectively. Our MLR model was restricted to a 
physically meaningful range. Thus, it did not produce any unphysical 
values.

Among the developed ML models, the ANN and RF models out
performed the MLR model. The performance of the ANN model is 
compared to experimental data in Fig. 6b. Although the ANN model 
outperformed the MLR model, the ANN model produced one unphysical 
prediction in the training set (xCO2 > 1). These models cannot predict 
negative mole fractions since the training target is formulated as Ln 
xCO2.

We compared our ANN model to previously developed ANN models 
that used the same dataset as in this work (with duplicated points, see 
Section 2). Song et al. (2020) developed an ANN model by using 51 GC 
descriptors, and a deep ANN model developed by Ali et al. (2024) used 
the same 51 GC descriptors and Benmouloud et al. (2024) developed an 
ANN model by using 13 PaDEL descriptors. The accuracy of our ANN 
model is similar to previously developed ANN models, where these 
models differ in terms of number of descriptors. Our model used 10, the 
model of Benmouloud et al. (2024) used 13, and the Song et al. (2020), 
and Ali et al. (2024) models used 51 descriptors.

The best performance from the developed model was obtained with 
the RF model, which is compared to experimental data in Fig. 6c. The 
accuracy of our RF model is in the same range as previously developed 
RF models. However, our model has the fewest number of descriptors 
compared to other RF models from the literature. The highest accuracy 
found in the literature belongs to tree-based ML models that used so- 
called hybrid descriptors (Yang et al., 2024) that combine GC with 
other descriptors. However, the improved accuracy comes at the cost of 
a high number of descriptors, reaching a total of 133.

Fig. 7 shows the errors of all developed ML models and Fig. 8 shows 
the distribution of errors. In the case of MLR, the magnitude of errors is 
the largest (Fig. 7a) and the distribution of errors is the widest (Fig. 8a) 
compared to the ANN and RF models. The developed ANN and RF 
models have similar errors and deviations, whereas the magnitude of 
errors is slightly smaller, and the distribution of the errors is narrower in 
the case of the RF model.

4.1. Results of the descriptor importance analysis

The importance of descriptors was estimated by calculating SHAP 

Fig. 10. Predictions for CO2 solubility at 5000 kPa and 323.15 K for every ion combination in the dataset by using (a) MLR, (b) ANN, and (c) RF models.
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values for all models, as shown in Fig. 9. In the case of the MLR model 
(Fig. 9a), the importance of descriptors is listed in descending order 
based on SHAP values (LnP > √P > Sc2 > Sc3 > Sa3 > Sc1 > LnT > Sc4 >

Sa2 > Sa4 > Sa1). Two pressure variables were the most important for the 
MLR model. However, they have opposite trends. Increasing the value of 
LnP predicted higher CO2 solubility, while √P had the opposite effect. 
This contradictory pressure effect does not follow the thermodynamic 
laws, but it significantly increased the model accuracy. Among all seg
ments, those corresponding to non-polar characteristics were more 
important than those omitting HBD and HBA characteristics, with the 
exception of the cation HBD segment (Sc1). The two most important 
segments are associated with cation non-polar characteristics (Sc2 and 
Sc3), while the two least important segments correspond to anion HBA 
and HBD characteristics.

Fig. 9b shows the importance of the descriptors for the ANN model. 
The descriptor importance is listed in descending order based on SHAP 
values (LnP > LnT > Sa3 > Sc2 > Sc1 > Sa4 > Sc3 > Sa1 > Sa2 > Sc4). 
Pressure and temperature were the two most important descriptors, and 
they were consistent with the thermodynamic laws. Regarding seg
ments, the non-polar segments (Sa3 and Sc2) of the cations and anions 
were the most important descriptors, while the HBA segments of the 
cation were the least important.

The descriptor importance in the RF model is shown in Fig. 9c, and 
the descriptor importance is listed in descending order based on SHAP 
values (P > T > Sa3 > Sa1 > Sc3 > Sc2 > Sc1 > Sa2 > Sa4 > Sc4). Once 
again, pressure and temperature were the two most important de
scriptors, which is consistent with thermodynamic theory. In the case of 
cation segments, non-polar segments were more important than HBD 
and HBA segments. This also applies to the segments of anions, with one 
exception where the HBA segment (Sa1) was more important than the 
non-polar segment (Sa2). In the RF model, the CO2 solubility increased 
with non-polar cation and HBA anion segments. In contrast, increasing 

the values of the cation HBD and HBA as well as the anion HBD segments 
resulted in a decrease in CO2 solubility. The behavior of the descriptors 
in the RF model followed a trend observed in the literature, where the 
CO2 solubility follows the non-polar characteristic of ions (Sumon and 
Henni, 2011).

5. Prediction of CO2 solubility

The benefit of the ML model lies in its ability to make predictions for 
unmeasured properties. Thus, it is important to test the predictive 
capability of the developed ML models. We predicted CO2 solubility in 
the ILs with MLR, ANN, and RF models for each ion combination in the 
dataset. This corresponds to predictions for 1568 ILs, of which 124 are 
present in model training, resulting in 1444 unstudied ILs. We chose 
5000 kPa and 323.15 K conditions for the predictions (Fig. 10). The 
pressure has the most significant impact on the models, according to 
SHAP analysis (see Section 4.1). Therefore, the choice of pressure was 
expected to influence the predictions more than temperature. It is 
challenging to evaluate the accuracy of predictions for unmeasured ILs. 
However, a number of unphysical predictions can be detected for CO2 
solubility, which is expressed as mole fractions (xCO2 < 0 and 1 < xCO2). 
We used the number of unphysical predictions together with the accu
racy of the models as an indicator for the prediction ability of the 
models. Furthermore, the number of unphysical predictions was used as 
a selection criterion for developing the model (see Section 3). The MLR 
and RF models made no unphysical predictions, while the ANN had 5 
xCO2 > 1 predictions. These unphysical predictions made by the ANN 
model correspond to 0.3 % of all made predictions. Thus the ANN model 
produced only a low number of unphysical predictions.

The same CO2 solubility predictions, which are shown in Fig. 10, 
have been visualized with heatmaps in Fig. 11. These heatmaps show 
more clearly the predictions for each individual IL and the differences 

Fig. 11. Predictions for CO2 solubility shown as heatmaps for (a) MLR, (b) ANN, and (c) RF models.
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Fig. 11. (continued).
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between predictions made by the developed models. In the ANN model, 
the solubility range for any given ion is large. For example, the solubility 
range is from close xCO2 = 0 to near xCO2 = 1 for anion [MDEGSO4] with 
different cations. The solubility range of ions is more evenly distributed 
in the MLR and RF models. The MLR model has higher xCO2 variability in 
certain anions, for example, in the case of [BETA] anion. The RF model 
had the least variability regarding the CO2 solubility predictions with a 
constant anion. However, [Cl] anion produced a large solubility range in 
the RF model prediction. It is interesting that the statistical parameters 
in the case of ANN and RF models are close to each other, but the pre
dictions under the studied conditions vary significantly.

The structural trends of the ions were evaluated from the RF pre
dictions at 5000 kPa and 323.15 K since the RF model had the highest 
accuracy without any unphysical predictions. The structural trends of 
ions were calculated by keeping either the anion (Fig. 12a) or the cation 
(Fig. 12b) constant and averaging the CO2 solubility of all studied cat
ions or anions. Anions have a clear impact on CO2 solubility without 
having simple structural trends. The RF model predicts that anion 
[Tf2N] has the biggest and [SCN] has the lowest positive impact on CO2 
solubility. However, the structural variation in the cation has clear 
trends (I-IV). (I) An increase in the alkyl chain length of the cations 
increases the solubility in terms of mole fraction (EMIM < HMIM). (II) 
The alkylation of phosphonium and ammonium cation increases the 
solubility (P1444 < P4444 and N1444 < N4444). (III) Branching the 
cation increases the solubility (BMIM < BMMIM). (IV) The OH- 
functionalization decreased the CO2 solubility (EMIM > HOC2MIM). 
These trends are also reported in the literature (Sumon and Henni, 
2011). Furthermore, the cation family influences CO2 solubility, with 
the phosphonium family having the highest positive impact, according 
to the RF model predictions.

6. Conclusions

In this study, MLR, ANN, and RF models were developed to predict 
CO2 solubility in ILs. A dataset with 9684 data points from 124 ILs was 
used to train these models, while descriptors were derived from the 
σ-profiles. The ANN and RF models outperformed the MLR model in 
terms of accuracy, with the RF achieving the best performance (R2 =

0.9754 and MAE = 0.0257) and the MLR achieving the worst (R2 =

0.8678 and MAE = 0.0532) on the test set. The accuracies of the ANN 
and RF models were comparable to GC-based ML models reported in the 
literature.

We estimated the importance of descriptors by calculating the SHAP 
values for all ML models. The ANN and RF models ranked pressure and 
temperature as the most essential descriptors, as expected from the 
thermodynamic theories. In the RF model, SHAP values also highlighted 
the importance of descriptors, that correspond to the non-polar char
acteristics of ions. An increase in the non-polar area of cations and an
ions results in higher CO2 solubility in the case of the RF models.

We made CO2 solubility predictions at 5000 kPa and 323.15 K for 
1568 ILs, of which 1444 were unstudied. We also tracked the unphysical 
predictions (xCO2 > 1 and xCO2 < 0) within these CO2 solubility pre
dictions. The MLR and RF models did not predict any unphysical solu
bilities, while the ANN model predicted five unphysical solubilities. The 
contribution of ions to the prediction made by the RF model was 
analyzed. The anion clearly impacts CO2 solubility, though distinct 
trends were not observed with structural variation. Anions [Tf2N] and 
[SCN] had the highest and lowest positive impact on the solubility, 
respectively. Clear trends were observed in the structural variation of 
the cations. Increasing alkyl chain length, alkylation of the phospho
nium and ammonium cations, and branching the cation increases the 
solubility. In contrast, OH-functionalization of the cation decreases the 
solubility. According to predictions made by the RF model, the phos
phonium cation family exhibited the highest CO2 solubility.

Our study demonstrated that the combination of ML tools with the 
σ-profile descriptors can offer better generalization than using GC de
scriptors while maintaining similar accuracy to experimental data for 
predicting CO2 solubility in ILs. GC descriptors are restricted to func
tional groups used in model development, whereas the σ-profile de
scriptors are free from this restriction. Thus, the σ-profile can produce 
predictions for a wider range of ILs. Moreover, the σ-profile provides 
insight into the molecular interactions, giving it more physical relevance 
than the GC approach. Future work could explore other physically 
relevant descriptors to be combined with the σ-profile to increase the 
accuracy of this approach.

Fig. 12. The average of xCO2 prediction at 5000 kPa and 323.15 K made by the RF model while keeping anion constant and using all studied cations (a) and keeping 
cation constant and using all studied anion (b).
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