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HIGHLIGHTS

e A QSPR model is developed for predict-
ing CO; solubility in DESs.

o Efficiency of the input variables is
explored by a multiple linear regression
model.

e Importance of the input variables in the
QSPR model is ranked by random forest
model.

e CO, solubility predictions by QSPR
model are compared to the COSMO-RS
model.

e QSPR model is suggested to be a reliable
tool for selecting DESs for CO, capture.
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ABSTRACT

This work presents the development of molecular-based mathematical model for the prediction of CO2 solubility
in deep eutectic solvents (DESs). First, a comprehensive database containing 1011 CO, solubility data in various
DESs at different temperatures and pressures is established, and the COSMO-RS-derived descriptors of involved
hydrogen bond acceptors and hydrogen bond donors of DESs are calculated. Afterwards, the efficiency of the
input variables, i.e., temperature, pressure, COSMO-RS-derived descriptors of HBA and HBD as well as their molar
ratio, is explored by a qualitative analysis of CO; solubility in DESs using a simple multiple linear regression
model. A machine learning method namely random forest is then employed to develop more accurate nonlinear
quantitative structure-property relationship (QSPR) model. Combining the QSPR validation and comparisons with
literature-reported models (i.e., COSMO-RS model, traditional thermodynamic models and equations of state
methods), the developed QSPR model with COSMO-RS-derived parameters as molecular descriptors is suggested
to be able to give reliable predictions of CO; solubility in DESs and could be used as a useful tool in selecting DESs
for CO, capture processes.

1. Introduction

As a new generation of ionic liquids (ILs) analogues, deep eutectic
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solvents (DESs) bear similar physicochemical properties as ILs, such as
negligible vapor pressure, high chemical/thermal stability and easily
tunable character [1]. Moreover, compared to ILs, DESs offer two
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Fig. 1. Framework for establishing QSPR model based on machine learning method.

advantages: (1) DESs can be prepared easily by mixing a hydrogen bond
acceptor (HBA) with a hydrogen bond donor (HBD), avoiding complex
synthesis and purification steps for ILs; (2) A large number of cheap and
renewable compounds can act as the HBA (e.g., ammonium and phos-
phonium salts) or HBD (e.g., organic alcohols and acids), making DESs
more affordable and sustainable over ILs [2,3]. Due to these advantages,
DESs have been trust into the limelight in various chemical processes [4,
5], among which CO, absorption is extensively concerned [6-10].

So far, most DES-based CO, absorption studies have mainly focused
on the experimental measurement of CO5 solubility in DESs, which have
covered only a small proportion of DES candidates considering the large
quantity of possible HBA-HBD combinations at different ratios [11-14].
To research more optimal DESs over a large space, experimental
trial-and-error method is expensive, time-consuming and even unrealistic
to explore all the possibilities. In this context, a reliable theoretical model
for predicting CO, absorption capacity in DESs is highly desirable [15,
16].

In recent years, traditional thermodynamic models (e.g., NRTL and
UNIQUAC) and equations of state methods (e.g., PC-SAFT, soft-SAFT and
PR-EOS) have been successfully extended to DES-containing systems as
reliable predictive tools for gas solubility [17-21]. Nevertheless, these
methods require a number of experimentally fitted molecule-specific and
mixing parameters, which limits the application space for novel systems.
Additionally, COSMO-based thermodynamic models (i.e., COSMO-RS
and COSMO-SAC), merely relying on quantum-chemically derived mo-
lecular descriptors, have been widely applied for predicting CO,
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solubility in IL solvents with acceptable accuracy [22-27]. However,
these models are found to overpredict or underpredict the gas solubilities
(CO,, CO, CH4, Hy and Nj) severely in DESs [28]. Beyond the
above-mentioned thermodynamic approaches, molecular simulation
methods, such as molecular dynamics simulations and Monte Carlo
simulations have been demonstrated to be reliable for predicting
thermo-physical properties or phase equilibrium of DESs, including the
gas solubility in solvents [29,30]. However, such methods require high
computation-demanding and thus are not impractical for covering the
huge diversity of gas-in-DES solubilities.

Alternatively, molecular descriptor-based quantitative structure-
property relationship (QSPR) approach has attracted increasingly sig-
nificant interests, which could for one thing act as an accurate and cost-
effective tool for evaluating DES properties, and for another offer useful
insights to understand the relationships between molecular-level in-
teractions of DESs and their macroscopic properties [31-33]. As the
perquisite for QSPR models, COSMO-RS-based descriptors, such as
charge distribution area (S,-profile), have been proven to be reliable
molecule-specific input parameters for predicting IL and DES properties
[34-38]. For instance, based on S,-profile, Lemaoui et al. [39] recently
developed a QSPR model for the prediction of electrical conductivity of
DESs, which can be used as a useful guideline in selecting DESs with the
desired electrical conductivity for industrial applications. Similar studies
were also observed by Benguerba and his co-workers [34] for the density
and viscosity prediction of DESs, demonstrating the excellent perfor-
mances of the molecular COSMO-RS-derived descriptors as QSPR input
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parameters at predicting the properties of DESs. Therefore,
COSMO-RS-based parameters will be explored for establishing the QSPR
model for CO; solubility prediction in this study.

With respect to the other requisite for QSPR models, proper mathe-
matical algorithms are also of great significance to correlate the objective
function (i.e., CO4 solubility in DESs of this work) with the input pa-
rameters [40-42]. Considering the fact that many properties cannot be
directly described by linear models with high accuracy, the machine
learning (ML) algorithms have been developed and are popular for
building complex nonlinear QSPR model for estimating the phase be-
haviors of IL and DES-involved systems [43-47]. Among the diverse ML
algorithms, random forest method has attracted considerable attention
for data classification and regression due to its evident advantages of
high prediction accuracy, no need to pre-select descriptors, and sup-
pressed overfitting characteristics [48,49]. The predictive ability of such
method has been well evidenced in previous development of QSPR ap-
proaches for solubility modeling. For example, Saghafi et al. [50]
developed a QSPR model for the prediction of CO solubility in aqueous
solution of diethanolamine plus methyldiethanolamine based on random
forest algorithm, with an average absolute relative deviation of 3.74%.
More recently, random forest based QSPR models have been constantly
reported to establish the relationships between CO, solubility and IL
molecular structures, and the results show that all of the models can give
reliable predictions [51-54]. Considering the promising performance
aforementioned, the random forest is thus employed here for the pre-
diction of CO; solubility in various DESs under different temperatures
and pressures.

Taking account of the essential aspects mentioned above, this work
aims to develop a predictive QSPR model for CO, solubility in DESs with
random forest based on the COSMO-RS-derived descriptors. To begin
with, a comprehensive database consisting of 1011 CO5 solubility data

Table 1
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measured in various types of DESs at wide temperature and pressure
ranges is first established. The COSMO-RS-derived descriptors of
involved HBAs and HBDs of DESs are then addressed by quantum
chemistry method. Based on the database and input parameters, the
QSPR model is established and validated, offering guides for the selection
of DES components in terms of CO5 capacity.

2. Method description

The whole framework for establishing machine learning based QSPR
model is illustrated in Fig. 1, which mainly consists of four steps:

Step 1. Collect the available experimental data as the basis for QSPR
model and specify the input variables that have effects on the target
property.

Step 2. Optimize the involved molecular structures and calculate the

structural descriptors as input parameters for QSPR model.

Step 3. Employ an efficient machine learning algorithm to establish the
structure-property relationship.

Step 4. Output the target predictions and assess the accuracy and
reliability of the developed QSPR model.

In the following, more details on the development of QSPR model for
CO-, solubility in DESs are elaborated.

2.1. COg solubility dataset

In this contribution, 1011 data points on the CO; solubility in 59
different DESs (solubility range of 0.0084-6.4231 mol kg™!) covering a
wide range of temperatures (293.15-343.15 K) and pressures

List of DES compositions, experimental temperature and pressure as well as CO, solubility ranges collected in this study.

HBA HBD Molar ratio T range/K P range/MPa CO,, solubility/(mol kg’])
AChCl Guaiacol 1:3, 1:4, 1:5 293.15-323.15 0.0537-0.5358 0.0118-0.1960
ATPPB Diethylene glycol 1:4, 1:10, 1:16 303.15 0.16-1.954 0.2272-7.2872
ATPPB Triethylene glycol 1:4,1:10, 1:16 303.15 0.142-1.957 0.1437-6.4231
TBPC Glycerol 1:12 298.15 1 0.4686

TBPB Ethylene glycol 1:12 298.15 1 0.6018

ChCl Glycerol 1:2 303.15-333.15 0.187-6.347 0.0538-3.6929
ChCl Urea 1:2 303.15-343.15 0.299-5.911 0.1562-3.5592
ChCl Ethylene glycol 1:2 303.15-343.15 0.236-6.323 0.0716-3.1265
ChCl Phenol 1:2,1:3, 1:4 293.15-303.15 0.099-0.5291 0.0222-0.2108
ChCl Diethylene glycol 1:3,1:4 293.15-303.15 0.1104-0.5269 0.0203-0.1852
ChCl Triethylene glycol 1:3,1:4 293.15-303.15 0.1093-0.5203 0.0225-0.1941
ChCl Urea 1:2 309-329 0.0405-0.1535 0.0105-0.0406
ChCl Ethylene glycol 1:2 309-329 0.036-0.156 0.0084-0.0387
ChCl Guaiacol 1:3,1:4, 1:5 293.15-323.15 0.0469-0.5459 0.0109-0.1885
ChCl Levulinic acid 1:3, 1:4, 1:5 303.15-333.15 0.06-0.5874 0.0201-0.2869
ChCl Furfuryl alcohol 1:3,1:4, 1:5 303.15-333.15 0.0652-0.5864 0.0168-0.2276
ChCl 1,4-butanediol 1:3,1:4 293.15-323.15 0.1058-0.5259 0.0217-0.1624
ChCl 2,3-butanediol 1:3,1:4 293.15-323.15 0.1071-0.5288 0.0251-0.1915
ChCl 1,2-propanediol 1:3,1:4 293.15-323.15 0.1044-0.5256 0.0206-0.1884
ChCl Urea 1:1.5, 1:2, 1:2.5 313.15-333.15 1-12.73 0.3715-5.1673
ChCl Urea 1:4,1:2.5 298.15 1 0.2604-0.3237
ChCl Glycerol 1:3,1:8 298.15 1 0.3242-0.4574
ChCl Ethanolamine 1:6 298.15 1 0.2604

ChCl Diethanolamine 1:6 298.15 1 0.4574
DEA-HCl Guaiacol 1:3, 1:4, 1:5 293.15-323.15 0.0451-0.5223 0.0197-0.2321
TMPB Ethanolamine 1:6,1:7,1:8 298 1 1.436-1.6286
TBAB Ethanolamine 1:6 298 1 1.3838

TBAB Diethanolamine 1:6 298 1 0.8487

TBAB Triethanolamine 1:3 298 1 0.4702

TBAC Lactic acid 1:2 308-318 0.093-1.992 0.0369-0.9546
TEAC Lactic acid 1:2 308-318 0.094-1.993 0.0270-0.6783
TMAC Lactic acid 1:2 308-318 0.095-1.993 0.0239-0.6472
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(0.036-12.73 MPa) are collected from previous works. The involved
DESs consist of 11 HBAs including choline chloride (ChCl), acetylcholine
chloride (AChCI), allyltriphenylphosphonium bromide (ATPPB), tetra-
butylphosphonium chloride (TBPC), dimethylaminopropane hydrochlo-
ride (DEA-HCl), tetramethylphosphonium bromide (TMPB),
tetrabutylammonium bromide (TBAB), tetrabutylammonium chloride
(TBAQ), tetrabutylphosphonium bromide (TBPB), tetraetylammonium
chloride (TEAC) and tetrametylammonium chloride (TMAC), and 16
HBDs containing 1,4-butanediol, 2,3-butanediol, diethanolamine,
diethyleneglycol (DEG), ethanolamine, ethyleneglycol, glycerol, lactic
acid, furfuryl alcohol, guaiacol (Gau), levulinic acid, phenol, propane-
diol, triethanolamine, triethyleneglycol (TEG), and urea. The detailed
information of the collected CO5 solubility, DES compositions, the
experimental temperatures and pressures together with the correspond-
ing references are given in Supporting Information, Table S1, and a
summarization of these data points is listed in Table 1.

Green Chemical Engineering 2 (2021) 431-440
2.2. Calculation of COSMO-RS-derived descriptors

The structural parameters of HBAs and HBDs are generated by
quantum chemistry calculations using the Gaussian 09 software package
(version D.01). First, geometric optimizations of all the structures of
HBAs and HBDs are carried out at the B3LYP/6-31++G** theoretical
level in the ideal gas phase, and vibrational frequency analysis is con-
ducted to ensure the configuration in global energy minimum. Then, the
COSMO files of the stable conformers can be acquired based on single-
point quantum COSMO calculation using the BP86/TZVP level of the-
ory. Here, it should be noted that different anion locations around the
cation are taken into consideration for the initial configurations of the
involved HBAs. Optimized HBA and HBD structures with COSMO sur-
faces are shown in Fig. 2, where the red part and the blue part represent
positive COSMO charge density and negative charge distribution,
respectively.

a
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ChCl TEAC TMAC
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Fig. 2. Optimized (a) HBA and (b) HBD structures with COSMO surfaces.
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Fig. 3. (a) o-Profiles of four representative HBD solvents: levulinic acid, urea,
glycerol and lactic acid; and (b) COSMO areas defined by the o-profile (urea for
illustration).

In order to generate the desired COSMO-RS-derived descriptors, the
obtained COSMO files are directly imported into the COSMOthermX
software (version C30_1401) to output the os-profiles of HBAs and HBDs.
Fig. 3a displays the o-profiles of four HBDs, namely levulinic acid, urea,
glycerol and lactic acid, where the o-profile of each compound is
composed of 61 elements with a screening charge density range of —0.03
~0.03 e/A2. As shown, the o-profile distribution in hydrogen bond donor

Green Chemical Engineering 2 (2021) 431-440

those curves over o. As exemplified by urea in Fig. 3b, the 6 under-curve
areas include: S1: —0.03 e/A2 <o < -0.02 e/sz, $2: —0.02 e/A2 <
6 < —0.01 e/A% 83: —0.01 /A2 < 0 < 0 e/A% S4:0e/A% < 6 < 0.01 ¢/
A?,55:0.01 e/A% < 5 < 0.02 e/A% and $6: 0.02 e/A? < 6 < 0.03 /A%, For
the COSMO volumes (V¢osmo) of HBAs and HBDs, they can be directly
obtained from the information in the COSMO files. The detailed COSMO
information, i.e., S1 — S6 and Vcosmo, of the involved HBAs and HBDs in
this work is listed in Table 2 and Table 3, respectively.

2.3. Random forest algorithm

Random forest, first proposed by Breiman [55] in 2001, is an
ensemble training algorithm that constructs multiple decision trees. The
main features of random forest are listed as follows: (1) Each decision
tree in random forest is independent and can be processed in parallel
during the data classification or regression, and thus reduce the load and
time demands; (2) As the same way done in bagging, the random forest is
able to suppress overfitting to the training samples by random selection
of training samples for tree construction, which makes it robust against
noise; (3) The random selection of features to be used at splitting nodes
enables fast training of this algorithm, even in the case of large dimen-
sionality of the feature vector; (4) Random forest can assess the impor-
tance of the descriptors to the QSPR model by investigate the
deterioration in model quality with the certain descriptor reduced.
Because of the advantages mentioned above, the random forest has been
extensively applied in many fields, and the detailed description can be
referred to previous works [48,49].

In this study, an open resource of RandomForestRegressor method in
the scikit-learn module of Python programming software (version 3.2) is
employed for the QSPR modeling, and the involved parameter values in
this case for CO3 solubility prediction in DESs are summarized in Table 4.
It should be highlighted that the whole data set in Table 1 are randomly
divided into a training set (711 data points, about 70% of the data) to
establish the QSPR model and a test set of the remaining 300 data points
to evaluate the predictive accuracy of the obtained model. The infor-
mation of the data points contained in the training set and test set are
shown in Supporting Information Tables S2 — S3, respectively.

2.4. Model validation and performance

For providing intuition into the predictive power of the developed
model, different statistical parameters, including the coefficient of
determination (RZ), average absolute relative deviation (AARD), mean-
square error (MSE) and root-mean-square error (RMSE) are determined
as follows:

and acceptor regions as well as its area of the above four HBDs vary R = E : < D)
remarkably, indicating the molecule-specific characteristic of o-profile. - <y, 3 >
m

To decrease the vector of the input parameters for QSPR model, each i=1

o-profile of HBAs and HBDs are divided into 6 regions by integrating

Table 2

Calculated COSMO-RS-derived descriptors of the involved HBAs.
HBA S1 S2 S3 S4 S5 S6 Vcosmo
AChCl 0 23.277 114.265 26.692 48.661 0 221.182
ATPPB 0 14.188 183.196 114.328 40.439 0 414.4741
TBPC 0 5.182 205.556 136.604 34.196 0 460.7552
TBPB 0 4.772 214.109 122.572 38.839 0 438.8105
Chcl 0.03 22.81 93.368 19.736 44.037 0 175.9708
DEA-HCI 0.034 10.085 96.2 18.973 33.867 0 147.4631
TMPB 0 6.96 183.749 105.459 39.204 0 377.8873
TBAB 0 1.885 250.102 73.352 40.782 0.107 393.383
TBAC 0 1.07 249.257 73.749 35.676 0.931 386.9221
TEAC 0 4.363 143.139 23.69 36.1 0 224.0953
TMAC 0 13.133 91.788 11.195 37.451 0 146.3961
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where N}, is the total number of the whole set; y and y,, represent the
experimental CO; solubility in DESs and the average of the experimental
data; and the superscript “cal” denotes the calculated CO; solubility by
random forest model.

3. Results and discussion
3.1. Qualitative analysis of CO> solubility in DESs

As demonstrated in previous studies, the CO; solubility in the DESs
grows with increasing pressure (P) while decreases with increasing
temperature (T). Moreover, it is found that both the type and molar ratio
of HBA and HBD have notable effects on the CO, solubility under iden-
tical conditions [9]. Taking account of these aspects, the variables of T, P,
HBA:HBD molar ratio, together with the COSMO-RS-derived descriptors
of HBAs and HBDs in Tables 2 and 3 are employed as the input param-
eters for the QSPR model for predicting CO, solubility in DESs.

Before developing the QSPR model using the random forest algo-
rithm, the efficiency of the input variables is inspected beforehand. For
this purpose, multiple linear regression (MLR) is used to build a simple
linear model using the above-mentioned variables based on the 1011
collected experimental data, and the MLR model is expressed as follows:

y = 8.0821 — 16.473351 + 0.167452 — 0.006453 — 0.039454 — 0.279155 —
0.765656 + 0.0241Vcosmo — 0.500051 — 0.064152 — 0.039653 —
0.011584 + 0.048355 + 0.528886 + 0.0246V'cosmo + 0.2211Ratio
—1.5913T + 0.0324P

(5)

where y represents the COg solubility in DESs; P and T denote the pres-
sure and temperature, respectively; S1 — S6 and Vosmo are the COSMO-
RS-derived descriptors of HBAs while $1'-S6’ and V' ¢osmo for the HBDs;
and Ratio means the molar ratio of HBA to HBD.

In Eq. (5), the plus and minus sign before the variables suggest the

Green Chemical Engineering 2 (2021) 431-440

Table 4

Parameter values of the random forest algorithm used in this work.
Parameters Value Parameters Value
n_estimators 500 max_leaf nodes None
criterion mse min_impurity_decrease 0
max_features auto bootstrap True
max_depth None oob_score True
min_samples_split 2 n_jobs -1
min_samples_leaf 1 random_state 1
min_weight_fraction_leaf 1 verbose 0

positive and negative effect of the variables on CO; solubility in DESs,
respectively. As displayed, the minus and plus signs in front of temper-
ature and pressure indicate that the decrease of T and increase of P are
favorable for CO5 capacity in DESs, which is agree well with the gas-in-
solvent dissolution characteristics [12-14]. Moreover, by comparing the
absolute t value of the introduced COSMO-RS-derived descriptors in Eq.
(5), 81, S6, S1’ and S6’ are found to be the most important molecular
structure descriptors, which correspond to the polar regions of HBAs and
HBD:s. Such finding shows that the DES polarity has a larger effect on the
COz, solubility than the non-polarity of DES, accounting for the molecular
interactions between HBA and HBD of DES [56]. Generally, lower po-
larity of the HBA and HBD molecules allow weaker HBA-HBD intermo-
lecular interactions in DES systems, which is believed to be beneficial for
easier expansion of the lattice and more CO; insertion into the interstitial
space (free volume) of IL-type solvents [57]. The negative correlation
between the DES polarity and COs solubility is in good accordance with
the dominant minus sign before the polar region descriptors (i.e, S1, S6,
S1’ and S6'). In addition, the HBA and HBD type are suggested to have
larger effect on the CO5 solubility in DESs compared to the HBA:HBD
molar ratio by the higher absolute t value before the COSMO-RS-derived
descriptors over Ratio from Eq. (5), which is also consistent with the
previous studies [12].

From above, Eq. (5) can give qualitative correlation of the CO5 sol-
ubility in DESs, indicating the feasibility for establishing QSPR model
using the proposed input variables. However, the prediction results based
on such model is still far from adequate from the quantitative point of
view. To be specific, the R? value of the MLR model for the total set is
only 0.7498 with the AARD up to 113.89%. To this end, the MLR model is
considered to be “qualitative at best” but is not sufficient enough as a
quantitatively predictive model for CO2 solubility in DESs. Thus, a
nonlinear model is developed to obtain more accurate quantitative re-
sults in the next section.

Table 3

Calculated COSMO-RS-derived descriptors of the involved HBDs.
HBD S1 S2 S3 S4 S5 S6 Vcosmo
1,4-butanediol 0 14.42 76.864 25.817 20.875 0 119.182
2,3-butanediol 0 13.174 62.691 40.315 16.863 0 118.3448
Diethanolamine 0 15.464 83.682 31.256 21.617 1.034 134.1709
Diethylene glycol 0 15.292 81.126 30.835 23.825 0 130.5433
Ethanolamine 0 12.397 53.584 20.206 14.719 2.414 83.03382
Ethylene glycol 0 13.877 47.2 17.918 18.443 0 78.58532
Furfurylalcohol 0.006 9.826 57.113 55.757 9.014 0 117.3356
Glycerol 0 15.032 60.236 29.498 20.279 0 107.9718
Guaiacol 0 4.013 79.641 68.406 5.874 0 149.3569
Levulinic acid 1.064 7.052 87.705 32.21 25.549 0 138.0178
Phenol 0.129 7.534 58.8 57.839 7.259 0 119.1968
Propanediol 0 10.608 60.947 29.059 15.437 0 98.35612
Triethanolamine 0 22.197 100.873 40.486 31.335 0 184.6856
Triethylene glycol 0 15.289 117.831 41.676 28.461 0 182.4924
Urea 0 27.009 19.404 23.644 20.404 0 70.58779
Lactic acid 1.508 11.947 53.342 33.602 18.709 0 102.3986
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Fig. 4. Comparisons between the experimental and predicted CO; solubility in DESs of the (a) training and (b) test set.

3.2. Results of the QSPR model based on random forest algorithm

3.2.1. Validation of the QSPR model

In order to establish a more accurate model, the random forest al-
gorithm is employed to build nonlinear model based on the same input
parameters used in the MLR model. Fig. 4 illustrates the comparison of
experimental and predicted CO solubility in the training and test set,
and the statistical parameters for the QSPR model including R%, AARD,
MSE, and RMSE are listed in Table 5. As depicted in the parity plot
Fig. 4a, the predictions for the training set are in very agreement with the
experimental ones with a R? value of 0.9903. Despite a larger deviation
between the QSPR predictions and experimental data in Fig. 4b, the
overall data in the test set still fall almost evenly in a small range close to
the diagonal with a R? of 0.9500. These results correspond well to the
statistical parameters in Table 5, where the statistical values of the test
set are slightly larger than those of the training set, suggesting that no
overfitting occurs in this work. For the total data set, the R? and AARD are
0.9758 and 7.76%, respectively, which are all in a very desirable level.
Moreover, the majority of the overall data (81%) present AARDs lower
than 10% while for only 8% of them, the AARDs go beyond 20%. Such
fact clearly demonstrates the good CO5 solubility prediction accuracy of
the developed QSPR model.

To further estimate the reliability of the developed QSPR model, the
predicted effects of the input variables (i.e., temperature, pressure, the
type of HBA and HBD and their molar ratio) on CO, solubility are
investigated and compared to the experimental measurements. As
exemplified in Fig. 5a, in the temperature arrange of 293.15-323.15 K,
the CO; solubility in the ChCl:glycerol (1:3) grows almost linearly by
increasing pressure with the extrapolation line basically passing through
the origin of the coordinate, and meanwhile decreases significantly with
the increase of temperature. These predictions are consistent with the
experimental results.

Fig. 5b illustrates the QSPR calculated effects of HBD type and
HBA:HBD molar ratio on the CO; solubility in DESs. As previously re-
ported by Ghaedi [58], by mixing with the same HBA of ATPPB at the
certain mole ratio, the TEG-based DES has a higher CO, solubility than
the DEG-based one for its larger free volume and stronger van der Waals
molecular interaction with COy molecules. The same results are again
observed from Fig. 5b, where the CO; solubility in the ATPPB-based DESs
follow the ranking ATPPB: TEG (1:10/1:16) > ATPPB:DEG (1:10/1:16).
Moreover, from Ghaedi's work, it was found that the CO3 solubility in
ATPPB:TEG/DEG types of DESs decreases slightly as the HBA:HBD molar
ratio changes from 1:10 to 1:16, which is also supported by the QSPR
predicted results in Fig. 5b.

For analyzing the effect of HBA type, the predicted CO; solubility in
the AChCl- and ChCl-based DESs are compared when mixing with
guaiacol under identical ratios. The main CO; solubility difference be-
tween these two DESs lies in the -COO group in AChCI, which has been
experimentally confirmed to be beneficial for improving the CO5 ca-
pacity due to its strong intermolecular interactions with CO» [57].
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Therefore, the higher CO» solubility in the AChCl-based DES in Fig. 5c
than that in the ChCl-based one again indicates the rationality of the
proposed QSPR model.

From above, the established QSPR model can not only give accurate
CO4, solubility predictions, but also well interpret the effects of the input
variables. Therefore, it can be concluded that the proposed QSPR model
in this work can be employed as a reliable tool for predicting CO5 ab-
sorption capacity in DESs.

3.2.2. Importance order of the variables in QSPR model

Apart from outputting the target CO; solubility by the QSPR model,
the significance of involved variables also can be sorted by comparing the
prediction accuracy before and after reducing the certain variable. Fig. 6
displays the importance ranks of the input variables, where the impor-
tance of HBA and HBD type is identified as the sum of its corresponding
COSMO-RS-derived descriptors (i.e., S1 — $6 and V¢osmo for HBA; S1' —
S6’ and V' cosmo for HBD). As shown, as the headmost one, the pressure
has the notably largest influence (0.7867) on COx solubility in DESs for
two main reasons: (1) Most of the data set concerns the CO; solubility at
low pressures, where the CO; solubility changes linearly following the
pressure. (2) Compared to the certain set of temperature, HBA and HBD
type and their molar ratio, the pressure of the collected data distributes at
a significantly wider range from 0.036 to 12.73 MPa, and thus the
developed QSPR is more sensitive to the variable of pressure.

Beyond the experimental conditions, the importance of DES compo-
sitions is in the order HBA (0.0835) > HBD (0.0731) > HBA:HBD molar
ratio (0.0339), again suggesting the larger influence of HBA and HBD
type over their molar ratio on the CO; solubility. Moreover, the dominant
role of the HBA agrees well with the molecular dynamics simulation
results in our recent work, where the HBA is found to have higher
contribution to the DES-CO; interactions [9]. Overall, the importance
order of the above variables could offer useful guides for the selection of
promising DES and operating conditions for CO, capture.

3.2.3. Comparison between the developed QSPR and literature-reported
models

The above discussions have demonstrated the performance of the
proposed QSPR model. For the sake of comparison, the CO4 solubility
prediction accuracy derived from QSPR model is first compared to that of
COSMO-RS model, which is widely used as predictive thermodynamic
tool in IL-containing systems. Here, the COSMO-RS calculations are
performed with the COSMOthermX software (version C30_1401), where

Table 5

Statistical parameters for the developed QSPR model.
Data set No. R? AARD, % MSE RMSE
Training set 711 0.9903 4.44 0.006902 0.08303
Test set 300 0.9500 14.59 0.04788 0.2188
Total set 1011 0.9758 7.76 0.01906 0.1381
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Fig. 5. Predicted CO; solubility in (a) ChCl:glycerol (1:3) under different temperatures and pressures; (b) ATPPB-based DESs and (c) ChCl and AChCl-based DESs

using the developed QSPR model.

the only required input, COSMO files of HBAs and HBDs, are the same as
the origins for COSMO-RS-derived descriptors for the developed QSPR
model. As summarized in Table 6, the AARD of the studied QSPR model
ranges from 2.47%-21.90% for each DES system, significantly lower than
that of the COSMO-RS model (42.91%-88.17%). For the total 1011 data
points, the average AARD of the QSPR model is only 7.76%, whereas up
to 64.81% in the case of COSMO-RS model, demonstrating the higher
reliability of the QSPR model.

Furthermore, the predicted CO; solubility predictions are compared
between the QSPR model and traditional models [17-20]. As seen from
Table 7, although the AARD of the developed QSPR model (7.76%) is

Ratio

HBD |/

HBA |

T T

0.2

0.3 0.4 0.5 0.6 0.7 0.8

Descriptor importance

Fig. 6. Importance order of the input variables for the developed QSPR model.
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found to be slightly higher than the traditional thermodynamic models
(i.e., NRTL (3.10%), UNIQUAC (2.90%)) and equations of state methods
(i.e., PC-SAFT (3.97%), PR-EOS (0.80%) and soft-SAFT (0.22%-4.95%)),
prediction accuracy of the QSPR model for CO5 solubility in DESs is also
in an acceptable level. Considering the inapplicability of the traditional
model for novel systems, the QSPR model established in this contribution
based on the random forest and COSMO-RS-derived descriptors is more
suitable for predicting CO; solubility in DESs over wide temperature and
pressure ranges.

4. Conclusions

A QSPR model based on COSMO-RS-derived descriptors as inputs has
been developed for the prediction of the CO; solubility in different types
of DESs at various temperatures and pressures using the random forest
algorithm. The qualitative analysis from multiple linear regression shows
that the variables, including the COSMO-RS-derived descriptors of HBAs
and HBDs, molar ratio of HBA to HBD as well as the temperature and
pressure, are efficient input parameters for predicting CO; solubility in
DESs. Then, the nonlinear QSPR model established using random forest
algorithm is demonstrated to have good predictive performance with
high R? (0.9758) and low AARD (7.76%) values, and can well interpret
the influences of such input variables. Meanwhile, the importance of the
involved variables in the QSPR model is ranked as pressure > HBA
type > HBD type > HBA:HBD molar ratio > temperature. Finally, the
comparison between the CO solubility predictions by the QSPR model
and literature-reported models (COSMO-RS model, traditional thermo-
dynamic models and equations of state methods) again indicates the
reliability of the developed QSPR model. In conclusion, the obtained
QSPR model can provide fast estimations of CO5 solubility in DESs in the
cases where experimental measurements are difficult or costly. On the
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Table 6
Comparison of random forest-based QSPR and COSMO-RS models for CO; sol-
ubility in DESs.

HBA HBD No. of data AARD, %
points Random COSMO-
forest RS

AChCl Guaiacol 72 3.72 71.48
ATPPB Diethylene glycol 24 2.81 47.89
ATPPB Triethylene glycol 24 8.76 65.49
TBPC Glycerol 1 7.91 67.04
TBPB Ethylene glycol 1 9.70 63.79
ChCl Glycerol 40 15.72 69.35
ChCl Urea 34 21.90 50.43
ChCl Ethylene glycol 40 12.28 66.99
ChCl Phenol 60 8.06 74.10
ChCl Diethylene glycol 40 10.01 81.08
ChCl Triethylene glycol 40 6.15 69.87
ChCl Urea 21 4.92 75.63
ChCl Ethylene glycol 18 8.12 75.27
ChCl Guaiacol 72 5.39 76.16
ChCl Levulinic acid 72 7.28 73.04
ChCl Furfuryl alcohol 72 2.47 58.07
ChCl 1,4-butanediol 40 13.80 63.93
ChCl 2,3-butanediol 40 8.23 62.42
ChCl 1,2-propanediol 40 10.24 59.53
ChCl Urea 68 5.26 61.88
ChCl Urea 2 3.10 72.52
ChCl Glycerol 2 4.17 53.89
ChCl Ethanolamine 1 7.31 88.17
ChCl Diethanolamine 1 9.30 78.27
DEA-HCl  Guaiacol 72 8.13 49.32
TMPB Ethanolamine 3 5.14 64.10
TBAB Ethanolamine 1 10.20 70.91
TBAB Diethanolamine 1 11.24 67.81
TBAB Triethanolamine 1 7.42 71.03
TBAC Lactic acid 28 7.30 42.91
TEAC Lactic acid 40 5.51 59.42
TMAC Lactic acid 40 5.35 60.21
Total 1011 7.76 64.81

other hand, this model can be incorporated into a solvent design
framework to identify suitable DESs for carbon capture processes.

It is worth mentioning that the experimental solubility data, espe-
cially the cases of very low solubilities, may have large uncertainties.
Usually, these uncertainties should be taken into account in model
development. However, since most of the available literature has not
reported the data uncertainties, they are not considered in the present
work. In the future, an extension and modification of the database should
be carried out to further improve the prediction accuracy of the QSPR
model. Of course, alternative structural presentations could also be

Table 7
Comparison of random forest-based QSPR and traditional thermodynamic
models as well as equations of state methods.

Models DESs AARD, %
NRTL [17] ChCl/TEAC/AChCl/TEAB/TBAC/TBAB:levulinic 3.10
acid (1:3), ChCl:glecerol (1:1, 1:2, 1:3, 1:4),
ChCl:ethylene glycol/urea (1:2), ChCl:malonic acid/
thiourea (1:1)
UNIQUAC ChCl/TEAC/AChCI/TEAB/TBAC/TBAB:levulinic 2.90
[17] acid (1:3), ChCl:glycerol (1:1, 1:2, 1:3, 1:4),
ChCl:ethylene glycol/urea (1:2), ChCl:malonic acid/
thiourea (1:1)
PC-SAFT [18] TMAC/TEAC/TBAC:lactic acid (1:2), TBAC:lactic 3.97
acid (1:3)
PR-EOS [19] ChCl:urea/ethyleneglycol (1:2), ChCl:malic 0.80
acid:ethylene glycol (1.3:1:2.2)
Soft-SAFT ChCl:ethylene glycol/lactic acid/glycerol (1:2) 0.22-4.95
[20]
QSPR of this As listed in Table 1 in this manuscript 7.76
work
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utilized as inputs for QSPR model to enable faster prediction of DES
properties, including CO3 solubility.
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List of Symbols

Surface screening charge density, e/A2

c
S; Surface area with a charge density of 5, A2
Vcosmo  Surface volume, A3

P Pressure, MPa

T Temperature, K

Ratio Molar ratio of HBA to HBD

y CO,, solubility in DESs, mol kg !

Abbreviations Used

ChCl choline chloride
AChCl  acetylcholine chloride
ATPPB  allyltriphenylphosphonium bromide
TBPC tetrabutylphosphonium chloride
DEA-HCl dimethylaminopropane hydrochloride
TMPB  tetramethylphosphonium bromide
TBAB tetrabutylammonium bromide
TBAC tetrabutylammonium chloride
TBPB tetrabutylphosphonium bromide
TEAC tetraetylammonium chloride
TMAC tetrametylammonium chloride
DEG diethyleneglycol
TEG triethyleneglycol
Gau guaiacol
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