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Abstract

In this study, a total of 160 experimental data points of Henry’s law constant of CO, in 32 imidazole ionic liquids (ILs) were
collected, with the temperatures range from 283 to 350 K. Herein intuitive and explanatory descriptors related to Henry’s
law constant (HLC) were suggested from the 2D structural features of the ILs according to experimental experience and
laws. Temperature was used as another variable due to its significant effect on Henry’s law constant. Three machine learn-
ing methods were used to construct models to fast predict the HLC based on suggested descriptors. Multi-layer Perceptro-
was mainly used to build the model and compared with the results of Random forest and Multiple Linear Regression after
investigating the outliers and variable selection. In addition, if only one data point was left at a similar temperature and the
reduced dataset was also used to build models in the same procedure, the results were not as good as those of the full dataset

but still satisfactory.
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Introduction

Carbon dioxide, whose increase in concentration is the main
cause of the greenhouse effect, is one of the main green-
house gases. As people pay more attention to environmental
issues, the technologies of carbon dioxide capture arous-
ing more and more interests (Orhan et al. 2016). There are
already some methods for capturing CO, (such as adsorp-
tion, absorption, cryogenic methods, separation with mem-
branes, etc.), and the amine-based solvents method is cur-
rently the most commonly used method (Zhang et al. 2013).
However, due to its volatility and corrosivity, this method is
potentially environmentally threatening and its operation is
unstable (Bahadur et al. 2015; Dutcher et al. 2015).
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Ionic liquids, as a green alternative to traditional vola-
tile solvents, have excellent properties, such as low vapor
pressures, recyclable and adjustable characteristics, good
thermal stability and so on (Welton 1999; Rogers and Sed-
don 2003; Hallett and Welton, 2011). Thus, ILs have the
potential to become a new option for capturing CO, (Zhang
et al. 2013). Since the first discovery that CO, was soluble in
ILs was made by Blanchard et al. (1999), then some experi-
mental and theoretical studies on the dissolution of CO, in
different ILs have been performed (Marcus 2018; Baghban
et al. 2015; Aghaie et al. 2019; Deng et al. 2019). Among
them, imidazole ILs are favored by most researchers because
they are easy to synthesize and have high adjustability.

ILs as a promising solvent for capturing CO, in the future,
it is important to measure the Henry’s law constant of CO,
in it. Henry’s law states that the amount of dissolved gas
is proportional to its partial pressure in the gas phase and
the proportionality factor is called the Henry’s law constant
(Sander 2015). It is a physical constant describing the dis-
tribution ability of a compound in the gas—liquid two-phase
and it can affect the direction and velocity of migration in
two phases of gas and liquids (Bhangare et al. 2018). As a
ubiquitous metric, it is particularly important in chemical
processing and environmental science (Wang et al. 2017;
Kapelner et al. 2016). The theoretical methods for obtaining
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the HLCs include currently thermodynamic method, kinetic
method, quantum chemistry calculations and quantitative
structure—property relationship (QSPR) research (Abraham
et al. 2019; Odabas and Adali 2016; Chao et al. 2017; Gorji
et al. 2017; Zhao and Rafiqul 2017).

Some studies have been done about HLCs of CO, in ILs
by some researchers. However, traditional experiments are
expensive and time-consuming due to the large variety of
ILs and thermodynamic or kinetic methods are difficult to
deal with large amounts of property data. Therefore, the
QSPR research is another better choice. Some properties
of ILs have been studied in this way, such as toxicity, melt-
ing point, viscosity, density, molecular orbitals and so on
(Barycki et al. 2018; Cerecedo Cordoba et al., 2019; Koi
et al. 2019; Chen et al. 2019; Pereira et al. 2017). QSPR
models have also been applied to the prediction of HLCs
of CO, in ILs. Diako Ghaslani et al. developed two models
with Multiple Linear Regression (MLR) and Least Squares
Support Vector Machines (LS-SVM) to estimate the HLC of
CO, in 32 ILs at 298 K (including imidazolium, pyridinium,
pyrrolidinium and thiouronium families) (Ghaslani et al.
2017). Descriptors in most of these studies were calculated
by Dragon software, and then were selected by the genetic
algorithm and lacks intrinsic meaning to target property and
is not intuitive enough.

In this study, a dataset consisting of 160 H’s law constants
of CO, in 32 imidazole ILs at different temperatures was
collected. It is worth mentioning that intuitive and meaning-
ful descriptors were manually extracted from the structures
of ILs, which were similar as the descriptors in our prior
research to predict the toxicity of ILs (Wu et al. 2020). The
ILs in the test set were not included in the training set, i.e.,
the constructed models were assessed by the ILs not be used
to train models. Three machine learning methods, Multi-
layer Perceptron (MLP), Random forest (RF), and MLR,
were used to build model, respectively, and the model estab-
lished by MLP has obtained best results. The importance
of variables was also studied, and some linear models were
developed with MLR using just temperature variable, cation
and anion descriptors, respectively, to investigate their con-
tribution to HLC.

Materials and methods
Dataset

The dataset about HLC was collected from the ILs Database-
IL Thermo v2.0 (updated on June 11, 2019) and related lit-
erature (Anderson et al. 2007), including the HLCs of CO,
in 32 imidazole ILs, for the full names, see the Electronic
Supplementary Material (ESM) S1 at different temperatures,
with a total of 160 data points, temperature range from 283
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to 350 K (see the Table 1). The main structures of cations
and anions in this dataset are shown in Fig. 1. To assess the
capability of model, the dataset is divided into training set
and test set. A total of 25 data points of 6 ILs were randomly
selected as the test set (indicated by* in Table 1), and a total
of 135 data points of the remaining 26 ILs were used as the
training set.

However, in this dataset, some HLCs of CO, in the same
IL were obtained at similar temperatures. If the difference
between the two temperatures (or more than two) is less
than 1.5 degrees, they were regarded as similar temperature
here and the two data points were considered as similar data
points. The reduced dataset was obtained if one data point
was kept for similar data points. For the HLC of the same
ionic liquid at similar temperatures, the processing methods
are as follows: (1) If there are two HLCs at similar tempera-
tures, one is arbitrarily retained when the difference between
the two is less than 1 MPa; (2) For the case where there are
more than two HLCs at similar temperatures, if there is one
data point with a difference greater than 1 MPa from the
average value, the data point is discarded. Then, the median
value is retained when the number of remaining data is odd;
the data closest to the average value are retained when the
number of remaining data is even.

After deleting similar data, a reduced dataset consisting
of 98 data points of the HLCs of CO, in 32 ILs was formed
(see the ESM S2). Similarly, 21 data points of the above
6 ILs were used as the test set, and 77 data points of the
remaining 26 ILs were used as the training set.

Descriptors

The extraction of descriptors is an essential step to establish
the relationship between the structures and its properties.
Anions are the main factors affecting the solubility of
CO, in ILs as well as the HLCs (Kelley et al. 2017; Yim and
Lim 2013; Cadena et al. 2004; Aki et al. 2004). The descrip-
tors derived from anions are described as follows. For simple
anions, it was recommended to use the entire structure as
a descriptor. Specifically, the PF,, BF, and PF;R; groups
were used as a descriptor (a,), and the Tf,N group was sug-
gested as another descriptor (a,). For larger anions, some
features of structures were suggested as descriptors. The
presence of a cyanide containing anion was observed to have
an effect on the HLCs. This may be due to the interaction of
Lewis base and Lewis acid, which makes cyanide have an
important effect on the solubility of CO, in IL. Therefore, a
cyano group was suggested as a descriptor, represented by
“C#N(a;). At the same time, because the presence of phos-
pholipid and thioester groups has a positive effect on the
HLCs, they were also suggested as two descriptors, which
are denoted as “SO,R (a,) and “PO4R, (as), respectively.
In addition, it is clear from this dataset that the higher the
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Table 1 Henry’s law constantof 1 &z T(K) HLC(MPa) ILs Name T(K) HLC (MPa)
CO, in 32 ILs of 160 data set
1 [Bdimim][PF]  283.1 47 298.15  3.19
29815  6.18 298.15 3.7
32315  8.85 303 334
2 [Bmim][BE,] 283 4.18 303.15  3.46
2831  4.08 303.15  3.48
298 5.9 303.15  3.49
298 5.7 313 412
298.15  5.65 313 4.87
30338 6.16 313.15  4.13
303.9 625 318.15 447
303.93 6.9 318.15 444
313 8.86 318.15 446
31315 7735 318.15 451
31315 7.6 323 477
31315  7.87 323.15 491
313.99 751 8" [Hmim][Tf,N] 283 242
32315  8.89 293.15 1.244
32319 8.88 298 316
32406  9.06 298.1  3.44
32418 9.06 298.15 3.5
33415 10.48 313 436
34296 1224 313 456
343.83 1258 3281 537
34427 1234 333.15 2356
3 [Bdimim|[BF,]  283.1  4.57 343 6.48
29815 6.1 9 [Pmim][PF] 298.15 5.2
32315 922 10 [Pmim][TE,N] 298.15 3.7
4 [Bmim][PF,] 283 3.88 11 [Omim][TE,N] 298.15 3
2831 3.87 12 [Emim][DAC] 298.15 821
283.15  3.783 303 7.9
2832 3.49 313.15 9.6
293.17  4.68 313.15  9.85
298 5.1 13 [C4H6Ndimim][DCA] 303 13.63
298.15  5.34 303 13.626
2982 5.17 313 15.19
303 5.98 323 16.29
303.37 571 14° [C,H,N][DCA] 303 11.06
30338 5.71 303 11.056
30338 5.74 313 12.72
313 8.13 323 15.42
31315 6.96 15 [C,HN][TEN] 303 421
313.15 7.8 313 521
31329 6.82 323 5.89
31329  6.83 16 [Omim][BE,] 303 5.39
32315 8.13 313 6.57
3232 805 323 7.56
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Table 1 (continued) ILs Name T(K) HLC(MPa) ILs Name T(K) HLC (MPa)
3232 8.16 17 [C,HNdimim] [TEN] 303  4.62
323.28 8.04 313 5.57
325.64 8.42 323 5.96
333.07 9.44 18 [Bmim] hexadecanoate 323 7.55
333.07 9.46 19 [Bmim] octadecenoate 323 5.92
34299 10.96 20  [Mmim] [EtSO,] 298.1 13.17
343.04 10.96 298.15 13.64
348.2 12.1 313 17.22
5 [Emim][Tf2N] 283.1 2.53 21 [Emim][BF,] 298.1 8.11
298 3.65 313 10.13
298.1 3.95 328.1 13.17
298.15 4.3 343 16.21
298.15  3.56 22*  [Emim][C,H,,PO,] 313.15  6.99
303 3.95 323.15 8.12
303.45 4 333.15 9.66
303.45 4.01 23 [Bmim][CgH,gPO,] 313.15 4.98
313 5.07 323.15 5.76
313.55 4.8 333.15 6.85
313.55 4.83 24 [Mmim] [C,HcPO,] 313.15 10.64
323.15 5.15 323.15 12.72
323.25 5.78 333.15 15.22
32345 5.8 25 [Omim][PFg] 298.15 5.14
328.1 6.38 26 [Emim][ EtSO,] 298.15 10.03
333.25 6.79 27 [Hmim][eFAP] 298.15 2.52
343 7.9 333.15 4.2
343.15 7.7 28* [Hmim][pFAP] 298.15 2.16
343.35 7.7 333.15 3.6
6°  [Edimim] [TE,N] 2831  2.86 29 [Psmim][bFAP] 298.15  2.02
298.15 3.96 333.15 3.29
32315 6.05 30 [C,HFomim][TE,N]  298.15  2.84
7 [bmim][TEN] 283 253 333.15 4.85
29315 2.9 31 [CgH,F;mim]|[TE,N]  298.15 273
298 33 333.15 447
298 3.52 32  [Hmim][ACE] 333.15 11.31
ATest set
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degree of anion fluorination, the smaller the value of the
HLCs. A large number of related studies have shown that the
degree of anion fluorination has a great effect on the solubil-
ity of carbon dioxide in ILs (Yim and Lim 2013; Aki et al.
2004). Therefore, the amount of fluorine was suggested here
as a descriptor, denote as “nF (a4). The length of the alkyl
chain in the anion is also noteworthy. It is observed that the
HLC decreases with a significant increase of the length of
the anionic chain. Then, another descriptor was extracted,
the reciprocal of length (a).

The cation plays a minor role in the effect of the HLCs
(Cadena et al. 2004). Studies have shown that the presence
of cationic fluorine substituents will also slightly increase the
solubility of CO, in ILs. Therefore, the number of cationic
fluorine atoms was also suggested as a descriptor (c;). At the
same time, the reciprocal of length of cationic alkyl side chains
(Liu et al.2016), the number of substituents on the imidazo-
lium ring (Aki et al. 2004), and the existence of cyano group
(Kim et al. 2014) will also slightly affect the solubility of CO,,
in other words, it also affects the HLCs. Therefore, another
three descriptors were suggested about cations, represented
by c,, c; and c,, respectively.

As mentioned above, eleven descriptors were suggested
from the IL anion and cation structures. And because Henry’s
law constant changes significantly with temperature, tempera-
ture was also considered another variable denoted by 7. In
summary, a total of 12 descriptors related to the HLCs of CO,
were suggested.

Methods
Multi-layer perceptron (MLP)

The main machine learning method used in this study is
Multi-layer Perception, which is an artificial neural net-
work with a forward structure. It implements a multilayer
network with hidden layers (one hidden layer was used
here). In this study, the MLP Regressor package from
Weka (version 3.8.3) was used (Hall et al. 2009). To avoid
overfitting, according to the number of variables and the
number of objects in the training set, the number of nodes
in the hidden layer needs to satisfy the following formula
(Andrea and Kalayeh 1991) and other parameters are
default settings.

1.8<<p=%)<2.2,M=(1+1)H+(H+1)0 )
where N is the number of samples, / is the number of nodes

of input layers, H is the number of nodes of hidden layers,
and O is the number of nodes of output layers.

Random forest (RF)

Random forest can be regarded as a set of classification
regression trees (but without pruning), it generates a large
number of trees in a random manner, and builds a model
from the set of trees (Breiman 2001). Random Forests are
grown with the Random Forest library in the R Program
(version 2.10.1) (Ihaka and Gentleman 1996). In the training
process, the training set was randomly divided into two parts
for each tree, about 2/3 of the data are used for training and
the remaining part of the data is used to evaluate the trained
model. The process of cross-validation is called Out-of-bag
(OOB). The method quantifies the importance of a variable
by the decrease in a node’s impurity every time the variable
is used for splitting. The trained model was used to predict
the test set that are not involved in model construction. The
number of trees in the random forest is set to 1000, and
default parameters were used.

Multiple linear regression (MLR)

Here, a linear model was established to explore the relation-
ship between the suggested descriptors and Henry’s law con-
stants of CO, in ILs. The MLR algorithm used in this study
is the MLR software package under Weka (version 3.8.3).
The remaining parameters are default values. Select vari-
ables could be performed by M5 method. The M5 method
using the Akaike criterion for model selection iteratively
removes the descriptor with the smallest standardized coef-
ficient until no improvement is observed.

Results and discussion

Model construction with MLP and investigation
of outliers

MLP method was used to study the relationship between
the structures of imidazole ILs and HLCs. The dataset of
160 data points was divided into a training set and a test set.
The result of cross-validation of the training set was R (the
correlation coefficient) =0.9819, and the result of the test set
was R=0.9758. Then, all 160 data points were considered as
a whole to verify the model. To avoid overfitting, the node
of hidden layer H was set to 6. The results of tenfold cross-
validation of the whole dataset obtained were R =0.9798,
MAE (mean absolute error) =0.4935 MPa, RMSE (root
mean squared error) =0.7233 MPa.

It is known from experience and related studies that the
HLCs would gradually increase as the temperature increases,
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(b) The main structures of anions

Fig.1 The main structures of cations and anions of 32 imidazole ILs

which is consistent with the results of observational experi-
mental data, and the predictions also confirm this. However,
by analyzing the data, it is found that there are unreasonable
experimental values in the dataset. Taking the ionic liquid
1-Hexyl-3-methylimidazolium bis(trifluoromethylsulfonyl)
imide ([Hmim][Tf,N]) as an example, the results are shown
in Table 2. The experimental HLC at 293.15 K should be
between the corresponding HLC of 283 K and 298.1 K
(HLC is 2.42 MPa and 3.44 MPa, respectively), while the
experimental value was actually 1.244 MPa. This HLC is
obviously too low and leading to a large error for the pre-
dicted value. The HLC at 333.15 K has a similar situation.
It can be seen that the data collected in the database is not
always reasonable, and the established model (the high error
of these two data points) also implies that such experimental
data are possibly abnormal, the two data with high error are
in bold in the Table 2. Since most of the data are obtained
from experiments, the existence of errors is difficult to avoid.
The purity and water content of the ILs purchased by the
experimenters, as well as the accuracy of the experimental
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methods and experimental instruments and so on, these all
will affect the experimental values. This is also a problem
of collecting dataset from the database.

In this case, a total of 5 outliers (abnormal data points)
found in the whole dataset were deleted and then the
remaining 155 data points were used to construct model
with MLP. As a result, the correlation coefficient of the
tenfold cross-validation of the training set was 0.9844, the
correlation coefficient of the test set reaches 0.9897, and
MAE=0.4224 MPa, RMSE =0.5095 MPa. It can be clearly
seen that the results have improved. The correlation between
the prediction values and the experimental values of the test
set before and after removing the outliers are show in Fig. 2.
And the results are show in Table 3.

In a word, the results show that the predicted value
obtained from the model established with the descriptors
directly extracted from the structures has a good correlation
with the experimental values. It proves once again the influ-
ence of the cation and cation structures of ILs on the HLCs,
and of course the temperature cannot be ignored.

Investigation of variables selection

The importance of all the 12 suggested descriptors was
calculated by RF to analyze the contribution of different
descriptors on HLC, and the results are listed in Table 4. It
can be seen that temperature and the number of anionic fluo-
rine atoms have a great contribution to the model to make
prediction of HLC, and the cationic chain length and the
structure-T,N also have a relatively great contribution. On
the contrary, the contribution of the PO,R, group (a5) and
the amount of fluorine of cations (c) are relatively small.

Based on the results, variables were selected according
to the importance of the variables to show the influence of
the number of descriptors on the model. 4, 6, 8, and 10 vari-
ables were selected, respectively, and four models were built
by MLP to compare the results with all 12 variables. The
results are shown in Table 5. It can be seen that the cross-
validation result of the training set based on 10 descriptors
is the best. Then, another method, M5 method in MLR was
used to do the variable selection. The linear formula after
variable selection is as follows. From the formula, it can be
found that descriptors a,, as, ¢; were removed in the vari-
able selection process, combined with the results of RF, 10
descriptors (without as, ¢;) were finally used to describe the
structures and build the model. The values of descriptors of
the entire dataset obtained from the above rules are shown
in the ESM S3.

HLC =3.1653 % a, +5.7563 # a3 + 3.278 # a,+
—0.2231 % ag +3.7325 # a; + 4.6724 % ¢, 2)
+0.5903 % c; + 1.34 % ¢, +0.1061 # T + —30.1029
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Table 2 Prediction results for the ionic liquid [Hmim][Tf,N]

T (K) Experimental HLC Predicted HLC Error (MPa)
(MPa) (MPa)
283 242 2.3482 0.0718
293.15 1.244 2.7947 - 1.5507
298 3.16 3.0396 0.1204
298.1 3.44 3.0448 0.3952
298.15 35 3.0475 0.4525
313 4.36 3.9092 0.4508
313 4.56 3.9092 0.6508
328.1 5.37 4.8881 0.4819
333.15 2.356 5.2225 — 2.8665
343 6.48 5.8758 0.6042

The two data with high error are in bold

In addition, in the formula obtained by MLR, the coef-
ficient of each descriptor is positive or negative reflects
the contribution of the corresponding descriptor to HLC
is positive or negative. For example, the coefficient of
ag is — 0.2231, which means a4, the amount of fluorine
in the anion has a negative contribution to HLC, that is,
the more fluorine in the anion, the smaller the HLC. On
the contrary, the coefficients of the remaining descriptors
are all positive, that is, their corresponding structures all
contribute positively to the HLC. This again shows that
the descriptor in this study is not only intuitive, but also
interpretable.

The effects of temperature, cation and anion
descriptors, respectively, on HLC

Some linear models were developed with MLR using just
temperature variable, cation and anion descriptors, respec-
tively, to discuss their contribution to HLC based on the
modeling results with the entire dataset (as the training
set). The results are shown in Table 6. It can be seen that
the correlation coefficient between just a temperature vari-
able and HLC is more than 0.5, indicating that temperature
does have a great impact. But the coefficient is not higher
probably because for different compounds, the influence
of temperature is different, which cannot be reflected by
a simple linear relationship, and its influence is more
reflected in a single compound. In addition, it is obvious
from the results that the influence of anions on HLC is
indeed better than that of cations, which is consistent with
our analysis and the conclusions in the literature. What is
more, this also shows that the best results can be obtained
by combining these three types of descriptors.

Comparison of different machine learning methods

So as to compare the modelling results of different
machine learning methods, the above 10 descriptors were
used to build models through RF and MLR without vari-
able selection, respectively. All of the results obtained by

Fig.2 The relationship between 16 18
predicted and experimental
14 | 16 |
values of the test set before and - 0.9455x + 02782 PN
after removing the outliers 12 | y= kz - 0X952.2 14 I y=0.9798x +0.1922 °
- @ 2 R? =0.9795
© 212t
=2 10} <
< >
> Z 10}
3 8 g 4
3 6} s |
3 £ °r
ﬂ‘: 4 4k
*
2+ 2
Ol v v v v ol v v v vy
0 5 10 15 20 0 5 10 15 20
Actual Value Actual Value
(c) before removing the outliers (d) after removing the outliers
Table3 The results of 160 data gy Original After deleting outliers
points data set with MLP RIMAE/RMSE(MPa) RIMAE/RMSE(MPa)
Cross-validation of the training set 0.9819/0.4343/0.6300 0.9844/0.3591/0.5996
Prediction of the test set 0.9758/0.5185/0.7915 0.9897/0.4224/0.5095
Cross-validation of the whole data set 0.9798/0.4935/0.7233 0.9849/0.4273/0.5896
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Table 4 The variables ranked decreasingly on the basis of variable
importance of RF

Descriptors  Importance Descriptors Importance
1 T 335402726 7  a, (a-PF¢(BF,) 49.62866
P-)
2 a4 (a-nF) 304.083883 8 ¢4 (c-C#N) 31.907484
3 ¢, (c-length) 193.958146 9  a,(a-SO,R) 30.22425
4  a,(@TfN) 163455462 10 5 (c-nsub) 24.219884
5  ay(a-length) 94.108388 11 a5 (a-PO4R,) 5.872411
6  a;(a-C#N) 63.857103 12 ¢, (c-nF) 2.151513

different methods are listed in Table 7. It can be seen that
these results of RF and MLR were not as good as those of
MLP, and the MLR results are slightly better than the RF
results. In conclusion, the prediction results of this MLP
model are closer to the experimental values.

The validation of the model

Then, for the purpose of verifying the validity of this model,
a zero model was tried to establish as follows. The median
value of the experimental value was used as the predicted
value, and the average absolute error and the root mean
square error between it and the experimental values were
calculated. The results obtained were MAE =2.5738 MPa
and RMSE =3.5125 MPa. It can be seen that compared with
the results of zero model, the model developed here using 10
descriptors has more impressive results.

Leave-one-compound-out (LOCO) verification was also
performed for the dataset of 155 data points to verify the
model. That is, each time, one ionic liquid (including all its
data points) is used as the test set, and the remaining ILs
were used as the training set for modelling to predict the
test set. For the dataset of the 155 data points, the results
for the LOCO verification of 32 ILs were R=1.2129,
MAE =1.6694 MPa.

Prediction of HLC at specific constant temperature
To investigate the capability of predicting HLC at a specific

temperature, a total 19 ILs were selected at 298.15 K in
the dataset. Since a, was removed in the variable selection

process by M5 method in MLR and descriptors a;, as, ¢, are
all zero according to their structures, 3 descriptors of anion,
a,+ay, ag a, (a; and a, were combined) and 3 descriptors
of cation, ¢, ¢,, c; were finally used. Three machine learning
methods were built using the 6 descriptors, separately. For
MLP, the tenfold cross-validation results of the whole set
were R=0.9333, MAE =0.5949 MPa, RMSE =1.0019 MPa.
And the tenfold cross-validation results of the whole set
modelling with MLR were R=0.9855, MAE=0.3717 MPa,
RMSE =0.5126 MPa. Then, the OOB cross-validation
with RF was performed, and the results were R =0.9581,
MAE=1.1199 MPa, RMSE =1.6383 MPa. From the results,
it can be seen that the capability to predict HLC with the
descriptors suggested here at a specific temperature is also
satisfactory.

Investigation of reduced dataset

The research of the reduced dataset was also performed
then. The existing outliers in the reduced dataset were
removed, that is, the remaining 94 data points were mainly
used to study (their descriptors values are shown in the
Electronic Supplementary Materials S3 and marked with
#). When modelling with MLP, the node of hidden layer
H is set to 3. The result of tenfold cross-validation of the
entire dataset is R=0.9801. The results of cross-valida-
tion of 75 data points in the training set were R=0.9788,
MAE =0.4919 MPa, RMSE =0.7985 MPa. For the test
set, the results were R=0.9814, MAE =0.6407 MPa,
RMSE =0.8392 MPa. After that, RF and MLR models
were also built to compare with MLP, and all the results
are shown in Table 8.

Compared with the results in Table 7, it can be seen that
the results become slightly worse after removing similar
data points. This may be because the existence of similar

Table 6 Comparison of the linear models using three types of
descriptors

R MAE/RMSE
Just T 0.5164 2.0274/2.8705
Just cation 0.5047 2.345/2.8937
Just anion 0.7738 1.6231/2.1234

Table 5 Comparison of
modeling results with different

Variables

Training set (RMAE/RMSE) Test set (RIMAE/RMSE)

numbers of variables Top 4 important variables

Top 6 important variables
Top 8 important variables
Top 10 important variables
All 12 variables

0.8763/1.0838/1.6513 0.9198/0.8909/1.3788

0.9562/0.5775/0.9883 0.9751/0.8185/1.1583
0.9612/0.4943/0.9355 0.9864/0.8222/1.1583
0.9865/0.3369/0.5595 0.9865/0.5171/0.6268
0.9844/0.3591/0.5996 0.9897/0.4224/0.5095
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Table 7 Comparison of the RE MLR
three methods constructed by R/MAE/RMSE? R/MAE/RMSE R/MAE/RMSE
MLP, RF and MLR
Cross-validation of the training set 0.9865/0.3369/0.5595 0.9389/0.9049/1.3000 0.9615/0.6852/0.9209
Prediction of the test set 0.9865/0.5171/0.6268 0.9528/0.9196/1.1583 0.9625/0.8809/1.0562
Cvalidation of the whole data set ~ 0.9817/0.4818/0.6534 — 0.962/0.6879/0.9235
2The unit of MAE and RMSE is MPa
Table 8 Results of modeling 98 data points with MLP
MLP RF MLR
R/IMAE/RMSE R/MAE/RMSE R/MAE/RMSE
Cross-validation of the training set 0.9788/0.4919/0.7985 0.9218/1.2320/1.6825 0.9383/0.9539/1.3225
Prediction of the test set 0.9814/0.6407/0.8392 0.9535/0.9638/1.2039 0.9643/0.8517/1.0313
Cross-validation of the whole data set 0.9801/0.5185/0.7512 - 0.9406/0.9216/1.2695

data points makes the experimental values more reliable (the
researchers had more chances to correct their experimental
data by comparing similar data points) and the results better
than those of only one experimental value. Therefore, it can
be considered that if the data of HLCs of CO, at different
temperatures of ILs in this dataset are more abundant, it will
be more conducive to the establishment of the model, and
the results will be further improved.

Conclusion

Intuitive, simple and interpretable descriptors including 2D
structure features and temperature were generated and used
to construct the models for prediction of the Henry’s law
constant of CO, in imidazole ILs. Further, the built mod-
els were used to predict the ILs of the test set that never
appeared in the training set, and satisfactory results were
obtained. The different machine learning methods were
attempted, and the results indicate that the models devel-
oped by MLP are better than those by the MLR and RF. If
the experimental data points are more reliable, the model has
the potential to be further improved. One advantage of these
interpretable descriptors is that it has potential to assist in
the mechanism research of targets properties by constructing
models using the related structure features.
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