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Abstract−Different types of physical solvents have been utilized for CO2 removal from natural gas in the sweetening
process. In this work, quantitative structure-property relationship (QSPR) method is suggested to build powerful mod-
els to predict Henry’s law constant (HLC) for CO2 in physical solvents. Modeling the HLC for CO2 as a function of
molecular descriptors was achieved by multiple linear regression and descriptor selection was by genetic algorithm. The
main proposed model has two simple descriptors, including the number of hydroxyl groups and molecular weight of
solvents at fixed temperature. Also, the effect of temperature was studied, and this operational variable was added to
the mentioned simple descriptors. In this case, the data set is comprised of 77 HLC for CO2 in solvents and at different
temperatures. Several internal and external validation methods demonstrated the excellent ability for prediction, and
the average relative deviation of main model was 6.48.
Keywords: Henry’s Law Constant, CO2, QSPR, Physical Solvent, Temperature

INTRODUCTION

Carbon dioxide (CO2) is an acidic impurity in natural gas which
has to be removed from industrial gas streams, because its pres-
ence in pipelines leads to hydrate formation and corrosion in trans-
portation and storage processes. Furthermore, CO2 is a greenhouse
gas which has substantial environmental impacts, such as global
warming. The most common methods for capturing CO2 are physi-
cal absorption, chemical absorption and membrane separation [1].

Absorption by a liquid solvent is the most common technique
in the gas separation industry. Based on the type of solute-solvent
interaction, the solvents used in this process are classified into two
categories: physical solvents, which have no chemical reaction with
gas, and chemical solvents, which are associated with chemical
reactions. When the partial pressure of solute and the amount of
gas stream are high, physical solvents are a better choice than chemi-
cal solvents. In addition, physical solvents are non-corrosive and
non-toxic and can be regenerated only by reducing the pressure
and just a little heating [2].

CO2 can be absorbed in physical solvents in accordance with
Henry’s law. Therefore, the solubility capacity of a physical solvent
is proportional to the gas partial pressure [3]. Henry’s law states
that at a constant temperature (T), the solubility of gas in liquid is
directly proportional to the partial pressure of that gas in equilib-
rium with that liquid. The constant of proportionality is called
Henry’s law constant (HLC), which is a macroscopic property of a
dilute solution of gas in a solvent. This thermodynamic parameter
is defined as the ratio of the fugacity of component i in gas phase

(fi) to the mole fraction of component i in liquid phase (xi), as the
mole fraction of i approaches zero. Henry’s law formula is mathe-
matically expressed as [4]:

(1)

Some theoretical and experimental methods have been devel-
oped to determine HLC for CO2 in different solvents. Gui et al. [5]
experimentally measured the solubility and HLC of CO2 in differ-
ent physical solvents including alcohols, glycols, ethers and ketones
at high pressures. Experimental apparatus is based on a constant
volume method; accordingly, a constant volume equilibrium ves-
sel was applied. The temperature and pressure (P) were recorded
in equilibrium state and the mole fraction of CO2 (x) was calcu-
lated from material balance. The slope of the P−x curve drawn at
constant temperature was equal to HLC. They have found that ketones
are the best solvents to absorb CO2 and indicated that the hydroxyl
functional group prevents the solubility of CO2 in different solvents.

Glycol ethers are another group of physical solvents that have
attracted a great deal of attention, due to their high potential for gas
absorption. Henni et al. [6] determined the solubility of CO2 in poly-
ethylene glycol ethers and compared it to commercial solvents such
as selexol and sulfolane. The absorption process took place in an
autoclave glass cell, and the HLC for CO2 was calculated by analyz-
ing a small amount of liquid picked up from the bottom of the cell
at equilibrium condition. It was demonstrated that polyethylene
glycol dimethyl ethers have the greatest ability for CO2 removal.

Even though many experimental works have been done to de-
termine solubility, it may be difficult to obtain the experimental val-
ues. Costly and time-consuming studies along with unavailability
of materials have led to the development of different theoretical
methods [7]. Some authors have used equations of state (EoS) to

Hi = fi/xi
xi 0→

lim
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predict the solubility of CO2 in physical solvents. Jou et al. [8] deter-
mined the solubility of carbon dioxide in diethylene glycol (DEG)
at 298.15, 323.15, 348.15, 373.15 and 398.15 K and pressures up to
20MPa. In the beginning, the data were obtained experimentally to
correlate them by Peng-Robinson equation of state. The Krichevsky-
Ilinskaya equation was used for the calculation of HLC for CO2 in
DEG at different temperatures. Acceptable results were achieved
compared to other experimental works. Further investigations of
the CO2 solubility were performed in other physical solvents, e.g.,
propylene carbonate [9], N-methyl-2-pyrrolidone [10], ester mix-
ture [11], solvents containing carbonyl, acetate and ether groups
[12] and ionic liquids [13], which were predicted using different
modeling techniques.

One of the most common methods for HLC calculation is the
group contribution method, which is used when experimental data
are not available. In this complex computational method, a mole-
cule is separated into small fragments and properties of the mole-
cule are predicted by summing up all the fragment contributions
[14]. Majer et al. [15] calculated the HLC for different compounds
including CO2, H2S and CH4 in water, using the Gibbs energy of
hydration. After sophisticated calculations, required parameters for
each fragment were obtained to predict HLC of compounds at a
temperature range from 300 K to 600 K and three pressure levels
(0.1, 40 and 80 MPa). Comparisons indicated good results for the
model.

A promising method for estimating a wide number of molecu-
lar properties is based on quantitative structure-property relation-
ship (QSPR) theory. In this approach, descriptors are used to create
a quantitative relationship between properties of compounds such
as Henry’s law constant [16], salvation enthalpy [17], aqueous sol-
ubility [18] and some other properties [19] and molecular charac-
teristics. Descriptors are numerical values related to the structure
and shape of the molecule. Therefore, in QSPR technique a knowl-
edge of molecular structure is sufficient. Many researchers demon-
strated that this method provides a powerful tool for predicting
HLC for organic chemicals [16,20-25]. English and Carroll [22] pre-
sented a QSPR model to predict HLC for 357 pure chemicals in water
at ambient temperature. Two models with 10 and 12 descriptors
were developed, and for each model, a multivariate linear regres-
sion (MLR) and neural network analysis were employed. The
comparisons reveal a good agreement between experimental and
calculated values of HLC, but the neural network model has a bet-
ter performance.

Golzar et al. [26] studied solubility of CO2 and N2 in five com-
mon polymers at different temperatures and pressures, using QSPR
model. Genetic algorithm (GA) was applied for descriptor selec-
tion, among more than 1600 descriptors. They presented a linear
model with seven variables including temperature, pressure and
five molecular descriptors, which two of them are related to gas
and the other three are related to the polymer. Non-linear models
were developed using artificial neural network (ANN) [27] and
adaptive neuro fuzzy inference system (ANFIS) [28] techniques.
Their results show that the statistical parameters of linear model
were not appropriate but these parameters were improved in non-
linear models. For example, squared correlation coefficients (R2)
for linear models, ANN and ANFIS are 0.5896, 0.9493 and 0.999 and

their absolute relative deviation (ARD) values are 139.07%, 23.49%
and 20%, respectively.

Our aim was to develop a robust QSPR model by multiple lin-
ear regression and to investigate which one of the molecular char-
acterizations has more influence on determining the HLC of CO2

values in alcohol, ether, ketone and glycol solvents. Researchers usu-
ally attempt to determine the solubility or HLC of compounds in a
particular class of physical solvents which have similar properties.
Therefore, using various types of physical solvents are one of the
novelties of this study. Generally, few studies have been done on
Henry’s law constant, because this parameter is difficult to measure
precisely. Our models are very accurate and powerful, and include
simple and interpretable descriptors, which can be calculated with-
out complex computations. Adding temperature as an operational
variable to molecular descriptors is another novelty of the work,
since there are limited methods to predict HLC as a function of T
[15]. To the best of our knowledge, this study is the first research
on the HLC of CO2 in different class of physical solvents using QSPR
method, so each result of this study can be considered as a new
achievement.

MATERIAL AND METHOD

1. Data Set and Descriptors Generation
Experimental values of HLC for CO2 in 22 solvents at various tem-

peratures were taken from Gui et al. [5] and Henni et al [6]. Three
out of fourteen experimental data were disregarded from Henni et
al. [6]. The HLC in one of the solvents (ethylene glycol monomethyl
ether) has the same value in both mentioned papers. This value was
noy considered in the Henni et al. work, because it was reported
in a smaller temperature range. One of the eliminated HLC values
was related to a polymer solvent (Polyethelene glycol dimethyl ether)
and another solvent had a nitrogen atom in its structure. Note that
this investigation was done for solvents containing only carbon,
oxygen and hydrogen atoms and compounds that do not have
cyclic structures. In this modeling, experimental values were con-
verted to natural logarithm (ln H), and their values ranged between
1 and 4. First, a model was developed for 22 compounds at con-
stant temperature, and in the next step, by adding T as an opera-
tional variable, the number of data changes from 22 to 77 and HLC

can be predicted at different temperatures.
The molecular structures of compounds were drawn using Hy-

perchem software [29] and pre-optimized using RM1 molecule
mechanics Force Field (Polak-Ribiere algorithm) and with a gradi-
ent norm limit of 0.01 kcal/(Ao·mol). Further optimization was
done by using Gaussian [30] on the basis of density functional Tthe-
ory (DFT) at level of B3LYP and 6-31 ++ G (d. p). In this study, out-
put files of Gaussian were fed into the Dragon 6 software [31] for
descriptors generation. This software can calculate 4885 molecu-
lar descriptors, but since only five kinds of descriptors, including
constitutional indices, topological indices, functional group counts,
atom-centered fragments and molecular properties were selected,
the number of descriptors decreased to 70.

Variable selection was done using GA [32], which led to the
creation of several linear models. Descriptors that appeared in the
ten best models, along with their types and definitions, have been
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summarized in Table 1.
2. Model Development and Validation

Different QSPR models for prediction of HLC for CO2 in physi-
cal solvents were developed under two conditions: at fixed tem-
perature and at variable temperatures. In the first condition, the
best descriptors for the solvent molecules are selected at constant
temperature, and temperature as an operational variable is added
to these descriptors in the second condition.

The performance and predictive potential of the developed mod-
els were assessed via several internal and external validation tech-
niques, including leave one out-cross validation (LOO-CV), classi-
fication of data into training set and test set, clustering and appli-
cation of main model on new external data set.

The LOO-CV is an internal validation method by which a
compound is held out of the data set and a model is developed by
the remaining data to predict HLC for the eliminated compound.
This procedure was repeated for all the solvents and predicted val-
ues were reported. In the second technique, experimental data in
overall state (22 compounds) were classified into training set (80%
of data or 17 compounds) and test set (20% of data or five com-
pounds) at constant temperature by principal component analysis
(PCA) method [33]. Finally, a model was built based on the train-
ing set and validated using a test set.

After classification of data into training and test sets, the best
models with one and two descriptors were developed. Eq. (2) is a
model with one descriptor and Eq. (3) to Eq. (5) are models with
two descriptors at fixed temperature (298.15 K):

ln(H)=0.543nROH2+1.65069 (2)

ln(H)=0.46894nROH2−0.00515ZM1v+2.21168 (3)

ln(H)=0.45935nROH2−0.00838ZM2v+2.17652 (4)

ln(H)=0.47252nROH2−0.0046MW+2.23264 (5)

The next step is adding temperature to the Eq. (5), which is a
simple and interpretable model. A new model with three descrip-
tors, which is the main model of this study at variable tempera-
ture (Eq. (6)) was obtained by MLR method:

lnH=0.01439T−0.00479MW+0.46378nROH2−2.03786 (6)

Some of the compounds in the data set that are more similar to
each other, form a group which is called cluster, so clustering tech-
nique aims to divide compounds into different groups. In this study,
the data are located in three clusters and an equation has been
provided for each cluster to predict HLC for CO2 (Eq. (7) to Eq. (9)).

lnH=−0.00749ZM2v+2.0954 (7)

lnH=−0.00414ZM1v+2.0631 (8)

lnH=−0.00563ZM1v+2.7275 (9)

In the last technique, an external data set was taken from differ-
ent literatures to check the ability of the main model for the pre-
diction of HLC.

Different statistical parameters such as R2, adjusted R2 (R2
adj),

leave-one-out cross validated correlation coefficient (Q2
LOO), fisher

function (F) and standard error (S) are defined by Eq. (10) to Eq.
(14). The best model is the one which has the closest values of R2,
R2

adj, Q2
LOO to one, highest value of F and closest value of S to zero.

In addition, relative deviation (RD%) value was calculated to esti-
mate predictive ability of models, which is defined by Eq. (15).

(10)

(11)

(12)

(13)

(14)

(15)

Reliability of the proposed model is further determined by Gol-
braikh and Tropsha criteria [34] which can be stated as follows:

R2
 =1− 

RSS
TSS
--------- =1− 

Σ yi − ŷi( )2

Σ yi − y( )2
----------------------

Radj
2

 =1− 1− R2( ) n −1
n − p −1
------------------
⎝ ⎠
⎛ ⎞

QLOO
2

 =1− 
PRESS

TSS
----------------  =1− 

Σ yi − ŷcal−CV( )2

Σ yi − y( )2
---------------------------------

F = 
MSS/dfm

RSS/dfe
---------------------  = 

Σ ŷi − y( )2/p

Σ yi − ŷi( )2/ n − p −1( )
-----------------------------------------------

s = 

Σi=1
n ŷi − yi( )2

n − p  −1
----------------------------

RD %( )  = 
yexp( )  − ypre( )

yexp
------------------------------- 100×

Table 1. The type and definition of descriptors that appear in different QSPR models
Descriptors Type Definition
ZM1V Topological indices First Zagreb index by valance vertex degrees
ZM2V Topological indices Second Zagreb index by valance vertex degrees
BAC Topological indices Balaban centric index
DELS Topological indices Molecular electrotopological variation
nROH Functional groups Number of hydroxyl groups
nROR Functional groups Number of ethers
MW Constitutional indices Molecular weight
nO Constitutional indices Number of oxygen atoms
nHet Constitutional indices Number of heteroatoms
SCBO Constitutional indices Sum of conventional bond orders (H-depleted)
TPSA (NO) Molecular properties Topological polar surface area using N, O polar contribution
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(16)

(17)

(18)

(19)

where R0 is the correlation coefficient when the regression line
passes through the origin and k represents the corresponding
slope.

RESULTS AND DISCUSSION

Breaking point plot is an appropriate tool which can be used to
optimize the number of descriptors in QSPR model. In this plot, the
effect of the number of descriptors on statistical parameters such
as R2, Q2

LOO and F is investigated as shown in Fig. 1. Developing a
model with two descriptors is sufficient, while adding further de-
scriptors has a little effect on R2 and Q2

LOO and strongly decreases F
values.

Our main objective was to construct a model with simple de-
scriptors by MLR method. First, a mono-variable model was pre-
sented. According to Eq. (2), there is a direct relationship between
HLC and square of number of hydroxyl functional group (nROH2).
The plot of lnH versus nROH2 values shows that the compounds
are divided into three clusters (see Fig. 2). The solvents that are in
each cluster have equal number of hydroxyl functional groups
(nROH). The first cluster, which contains seven molecules, has
nROH=0 and second cluster with nROH=1 has 13 molecules.

The last cluster with nROH=2 was not used in modeling be-
cause it only contains two molecules. It is clear that HLC values
increase with the increasing of nROH. The descriptors that appear
in Eq. (7) to Eq. (9) (zM1v and ZM2v) are similar to overall equa-
tion descriptors. This means that the overall and cluster equations
confirm each other.

As mentioned, Eq. (3) to Eq. (5) represent the models with two
simple descriptors to predict HLC for CO2 in physical solvents by
MLR method. These descriptors do not require any computa-

tional software and can be calculated easily.
Table 2 reports statistical parameters of different models, when

all compounds are in overall state. Although mono-variable equa-
tion (Eq. (2)) has acceptable statistical parameters, it is not an appro-
priate model, because some of the compounds have the same values
of nROH, whereas their experimental values are different.

The results of experimental and predicted values of different
QSPR models at fixed temperature are presented in Table 3.

Prior to the calculation of predicted values, PC2 versus PC1 val-
ues were plotted in Fig. 3 to select a test set. The PCA values were
calculated from 11 descriptors listed in Table 1. Each axis of Fig. 3
shows the distribution of descriptors, and 84.4 and 12.8 percent of
all data have been located in PC1 and PC2, respectively. Five mol-
ecules were selected for testing based on these PCA values at fixed
temperature, which are marked with an asterisk in Table 3.

Since the goal of this study was a QSPR model with simple and
interpretable descriptors, Eq. (5) was selected as the main model at
constant temperature, and T was added to descriptors in this equation.

In a QSPR model, descriptors should not be related to each other,
and for this reason correlations between ZM1v, ZM2v, MW and
nROH2 descriptors were examined and reported in Table 4. There
is no linear relationship between these descriptors in an equation
and all descriptors are independent of nROH2.

Another issue that helps to interpret the main model is deter-
mining the mean effect, which shows the effect of each descriptor
in model [35]. As can be seen from Fig. 4, the square of number
of hydroxyl functional group has higher influence on predicting
HLC for CO2 than the molecular weight descriptor (MW), at con-

R2 0.6>

QLOO
2 0.5>

R2
 − R0

2( )

R2
-------------------- 0.1<

k = 
Σyi

expyi
pre

Σ yi
pre( )

2
-------------------, 0.85 k 0.15< <

Fig. 2. Plot of lnHxep vs. number of hydroxyl functional group in
the molecular structure.

Table 2. Statistical parameters for different models in overall state
Equations R2 R2

adj Q2
LOO F S

Eq. (2) 0.8172 0.8080 0.7863 089.39 0.291
Eq. (3) 0.9664 0.9629 0.9563 273.49 0.128
Eq. (4) 0.9654 0.9618 0.9578 265.08 0.130
Eq. (5) 0.9470 0.9414 0.9332 169.61 0.161
Eq. (6) 0.9318 0.9290 0.9251 332.61 0.170
Eq. (7) 0.9529 0.9435 0.8700 101.13 0.060
Eq. (8) 0.9336 0.9203 0.8264 070.28 0.071
Eq. (9) 0.8004 0.7823 0.7374 044.11 0.146

Fig. 1. Effect of number of descriptors on the R2 (–○–), Q2 (–▲–)
and F (–■–) values.
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stant temperature.
One of the most important factors which help to determine the

quality and reliability of a QSPR model and to identify outliers is
applicability domain. For this reason, Williams plot (the plot of stan-
dardized residuals versus leverage values or hat values (h)) has been
illustrated in Fig. 5. The difference between the observed value and
the predicted value indicates the residual (E). The standard resid-
ual error (E') and hat value are defined as follows:

(20)E' = 
E

RMSE 1− h
------------------------------

Table 3. Experimental and predicted values at fixed temperature (298.15 K)

No. Solvent ln (Hexp/MPa)
Eq. (2) Eq. (3) Eq. (4) Eq. (5)

ln (Hpre/MPa) ln (Hpre/MPa) ln (Hpre/MPa) ln (Hpre/MPa)
01 Methanol 2.612 2.19 2.55 2.59 2.56
02 Ethanol 2.587 2.19 2.53 2.54 2.49
03 n-Propanol* 2.553 2.19 2.51 2.50 2.43
04 n-Butanol 2.510 2.19 2.49 2.47 2.36
05 n-Pentanol* 2.464 2.19 2.46 2.43 2.30
06 Ethylene glycol (EG) 3.864 3.82 3.79 3.81 3.84
07 Propylene glycol (PG) 3.641 3.82 3.76 3.73 3.77
08 Acetone 1.826 1.65 1.93 1.91 1.97
09 2-Butanone 1.801 1.65 1.91 1.86 1.90
10 Ethylene glycol monomethylether (EGMME) 2.258 2.19 2.32 2.37 2.36
11 Ethylene glycol monoethylether (EGMEE)* 2.125 2.19 2.30 2.30 2.29
12 Diethylene glycol monomethylether (DGMME) 1.856 2.19 2.09 2.13 2.15
13 Triethylene glycol monomethylether (TrGMME)* 1.917 2.19 1.87 1.90 1.95
14 Ethylene glycol dimethylether (EGDME) 1.705 1.65 1.75 1.71 1.69
15 Diethylene glycol dimethylether (DGDME) 1.568 1.65 1.56 1.61 1.62
16 Triethylene glycol dimethylether (TrGDME) 1.482 1.65 1.34 1.37 1.41
17 Tetraethylene glycol dimethylether (TeGDME) 1.098 1.65 1.11 1.14 1.21
18 Diethylene glycol monoethylether (DGMEE) 2.041 2.19 2.07 2.07 2.09
19 Diethylene glycol diethylether (DGDEE)* 1.458 1.65 1.52 1.47 1.49
20 Ethylene glycol monobutylether (EGMBE) 2.493 2.19 2.26 2.23 2.16
21 Diethylene glycol monobutylether (DGMBE) 2.282 2.19 2.03 2.00 1.96
22 Triethylene glycol monobutylether (TrGMBE) 1.667 2.19 1.81 1.76 1.76

*Data used for the test set

Fig. 3. PC2 versus PC1 in training (●) and test sets (◇).

Table 4. Correlation matrix of descriptors that are appeared in dif-
ferent models

Descriptor nROH2 MW/Kg·mol−1 ZM1v ZM2v
nROH2 1.000 0.117 0.101 0.131
MW/Kg·mol−1 0.117 1.000 0.939 0.965
ZM1v 0.101 0.939 1.000 0.982
ZM2v 0.131 0.965 0.982 1.000

Fig. 4. Mean effect of main model descriptors at fixed temperature
(298.15 K).
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(21)

where X and XT are descriptor matrix and transposed version
of descriptor matrix, respectively. Critical hat value is also calcu-
lated, using the following equation:

h*=3(p+1)/n (22)

where n is the number of data in training set and p is the num-
ber of model descriptors. When the hat value of a compound is
higher than its critical value (h>h*) and the standardized residual
value is higher than +3 or −3, the predicted value for this com-
pound is unreliable. Fig. 5 shows that all compounds are in the appli-
cability domain and there are no outliers [36,37].

Addition of temperature to Eq. (5) is the great advantage of the
proposed study. This new model is shown in Eq. (6) and its statis-
tical parameters are reported in Table 2. This table indicates that
HLC for different solvents at various temperatures can be predicted
with high accuracy. The predicted values of Eq. (6) have been re-
ported and compared with experimental data in Table 5. Test set
molecules were randomly selected in a way that each compound
was presented in one of the temperatures.

The high predictive abilities of Eqs. (5) and (6) are shown in
Figs. 6 and 7, respectively. In these figures, natural logarithms of
experimental values of HLC (ln (Hexp)) are plotted versus natural log-
arithms of predicted values of HLC (ln (Hpre)).

Validation and statistical parameters of Eqs. (5) and (6) for both
training and test sets are given in Table 6 and it can be proven that
these models have very good statistical qualities.

The plots of residual as a function of (Hexp) are depicted in Figs. 8
and 9, respectively, for Eqs. (5) and (6). The residual data are nor-

h = X XTX( )
−1XT

Fig. 5. Williams plot of main model at fixed temperature (training
set: ●, test set: ◇).

Table 5. Experimental and predicted values at variable temperature
Solvent T/K ln (Hexp/MPa) ln (Hpre/MPa) Solvent T/K ln (Hexp/MPa) ln (Hpre/MPa)
Methanol 288.15 2.449 2.42* EGMME 288.15 1.856 2.21*

298.15 2.612 2.56* 298.15 2.258 2.35*

308.15 2.785 2.71* 308.15 2.517 2.49*

318.15 2.990 2.85* 318.15 2.727 2.64*

Ethanol 288.15 2.364 2.35* EGMEE 288.15 1.789 2.14*

298.15 2.587 2.49* 298.15 2.125 2.28*

308.15 2.758 2.64* 308.15 2.355 2.43*

318.15 2.915 2.78* 318.15 2.505 2.57*

n-Propanol 288.15 2.358 2.28* DGMME 298.15 1.856 2.14*

298.15 2.553 2.43* 313.15 2.128 2.35*

308.15 2.713 2.57* 333.15 2.312 2.64*

318.15 2.878 2.71*

n-Butanol 288.15 2.333 2.22* TrGMME 298.15 1.917 1.93*

298.15 2.510 2.36* 313.15 2.041 2.14*

308.15 2.686 2.50* 333.15 2.104 2.43*

318.15 2.805 2.65*

n-Pentanol 288.15 2.268 2.15* EGDME 298.15 1.705 1.68*

298.15 2.464 2.29* 313.15 1.775 1.90*

308.15 2.631 2.44* 333.15 1.960 2.19*

318.15 2.767 2.58*

EG 288.15 3.708 3.67* DGDME 298.15 1.569 1.61*

298.15 3.864 3.81* 313.15 2.104 1.82*

308.15 3.983 3.95* 333.15 2.476 2.11*

318.15 4.105 4.10*

PG 288.15 3.409 3.60* TrGDME 298.15 1.482 1.40*

298.15 3.641 3.74* 313.15 1.792 1.61*

308.15 3.821 3.89* 333.15 2.186 1.90*

318.15 3.962 4.03*
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mally distributed above and below the zero line, and this issue reflects
the lack of systematic error in the presented models. According to

Fig. 8, EGMBE, DGMBE and DGMME have the highest residual
(prediction error), in comparison with other compounds.

In addition to above methods, new models which were indepen-
dent of the number of hydroxyl functional group were developed

Table 5. Continued
Solvent T/K ln (Hexp/MPa) ln (Hpre/MPa) Solvent T/K ln (Hexp/MPa) ln (Hpre/MPa)
Acetone 288.15 1.642 1.83* TeGDME 298.15 1.099 1.18*

298.15 1.826 1.97* 313.15 1.459 1.40*

308.15 1.979 2.12* 333.15 1.872 1.69*

318.15 2.101 2.26*

2-Butanone 288.15 1.608 1.76* DGMEE 298.15 2.041 2.07*

298.15 1.801 1.91* 313.15 2.219 2.29*

308.15 1.928 2.05* 333.15 2.370 2.57*

DGDEE 298.15 1.459 1.47* DGMBE 298.15 2.282 1.94*

313.15 1.686 1.69* 313.15 2.416 2.15*

333.15 1.974 1.98* 333.15 2.549 2.44*

EGMBE 298.15 2.493 2.15* TrGMBE 298.15 1.667 1.72*

313.15 2.603 2.36* 313.15 1.917 1.94*

333.15 2.754 2.65* 333.15 2.104 2.23*

*Data used for the test set

Fig. 6. Plot of experimental values vs. predicted values at fixed tem-
perature (298.15 K) (training set: ●, test set: ◇).

Fig. 7. Plot of experimental values vs. predicted values at variable
temperatures (training set: ●, test set: ◇).

Table 6. Validation and statistical parameters of Eqs. (5) and (6)
Equation set n R2 R2

adj F S k RMSE* ARD**

Eq. (5) Train 17 0.961 0.955 133.25 0.174 0.9996 0.155 6.04
Test 05 0.93 0.86 08.8 0.183 1.008 0.116 4.46
Overall 22 0.947 0.941 169.61 0.161 1 0.149 6.29

Eq. (6) Train 55 0.934 0.93 240.24 0.169 0.9998 0.161 6.03
Test 22 0.93 0.915 076.87 0.193 1.0103 0.174 6.38
Overall 77 0.93 0.93 332.61 0.17 0.9997 0.165 6.48

*

**

RMSE = 

Σi=1
n ŷi − yi( )2

n
---------------------------

ARD = 
1
n
---Σ

yi
exp

 − yi
pre

yi
exp

--------------------

⎝ ⎠
⎜ ⎟
⎛ ⎞

100×
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for cluster 1 (Eqs. (7) and (8)) and cluster 2 (Eq. (9)) with only one
descriptor, and their statistical parameters have also been listed in
Table 2. According to Tables 7 and 8, which show ln (Hexp) and ln
(Hpre) values for clusters 1 and 2, predicted values are near to their
experimental values; therefore, these models have high prediction
capability.

External validation is another method that helps to analyze the
model. Some experimental data for CO2 Henry’s law constant have
been reported in the literature [3,38,39] in different solvents and vari-
ous operating conditions. Note that these data have not been used

in the development of the model. The estimation results of Eqs.
(5) and (6) are tabulated in Table 9. These main equations have
enough ability and accuracy to predict HLC for various solvents at
different temperatures.

Y-Randomization test is a simple method for the evaluation of a
model and figuring out whether the proposed model was obtained
by chance. This technique is based on rearranging the connection
between target variable (ln H) and descriptors [40]. This procedure
was repeated in ten iterations, and statistical parameters (R2) are
reported in Table 10. If at any stage the R2 value is less than the
original model, the model will be applicable and reliable. There-
fore, the selected QSPR model does not suffer from chance cor-
relation.

As mentioned, in addition to being simple, a QSPR model should
be interpretable. Researchers proved that the hydroxyl functional
group in the molecular structure of amine solvents is an effective
parameter on the absorption capacity of CO2 in different solvents
[41], which also has an important role in the final model of this
work. Singh et al. [42] reached the result that as nROH in the
molecular structure increases, absorption capacity of CO2 in chem-
ical solvents also increase, but in this work by increasing nROH,
HLC of CO2 in physical solvents increases and absorption capacity
decreases; the reason is that gas absorption in physical solvents
occurs in two steps. At first, solvent-solvent molecules must break
and provide the required cavities; in the second step, these cavities
must be filled with gas molecules [5]. In this study, when the
hydroxyl functional group increased more intermolecular hydro-
gen bonds could be formed in solvents, and this matter prevents
the creation of required cavities. Thus, HLC increases by increasing
the number of hydroxyl functional group.

The molecular weight is another simple descriptor in the main

Fig. 9. Plot of residual values vs. lnHexp at variable temperatures
(training set: ●, test set: ◇).

Fig. 8. Plot of residual values vs. lnHexp at fixed temperature (train-
ing set: ●, test set: ◇).

Table 7. Experimental and predicted values of cluster 1
Eq. (7) Eq. (8)

Solvent ln (Hexp/MPa) ln (Hpre/MPa) ln (Hpre/MPa)
Acetone 1.83 1.85 1.84
2-Butanone 1.80 1.81 1.82
EGDME 1.70 1.67 1.69
DEGDME 1.57 1.58 1.54
TEGDME 1.48 1.37 1.35
TeEGDME 1.10 1.16 1.17
DEGDEE 1.46 1.46 1.50

Table 8. Experimental and predicted values of cluster 2
Solvent ln (Hexp/MPa) ln (Hpre/MPa) Solvent ln (Hexp/MPa) ln (Hpre/MPa)
Methanol 2.610 2.58 DEGMME 1.86 2.08
Ethanol 2.590 2.55 TEGMME 1.92 1.84
Propanol 2.550 2.53 DEGMEE 2.04 2.06
Butanol 2.510 2.51 EGMBE 2.49 2.26
Pentanol 2.460 2.49 DEGMBE 2.28 2.02
EGMEE 2.130 2.31 TEGMBE 1.67 1.77
EGMME 2.258 2.33
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model. The researchers have proven that increasing molecular weight
within each class of solvents changes the polarity of solvents towards
the lower ones [43]. On the other hand, CO2 is a non-polar mole-
cule and dissolves best in non-polar solvents. It is expected that
molecular weight and solubility have a direct relationship [44] and

solubility decreases with increasing solvent polarity [45]. Since physi-
cal solvents in this data set are in different classes such as alcohol,
glycol, ketone and glycol ether, the change of HLC as a function of
MW has been shown in Fig. 10. In alcohols, glycols and ketones,
HLC of CO2 declines (and solubility increases) with increasing molec-

Table 9. External validation using Eqs. (5) and (6)
Condition Solvent T/K ln (Hexp/MPa) ln (HPre/MPa) AD* RD
Fixed temperature Dimethyl carbonat 298.47 1.837 1.818 0.018 1.019

Propylene carbonat 298 2.143 1.763 0.379 17.73
Methyl cyanoacetate 298 2.189 1.777 0.412 18.83
N-formyl morpholine 298 1.966 1.703 0.263 13.37
Selexol 298 1.272 1.009 0.263 20.67

Variable temperature 1,4 Butylene glycol 303.15 4.874 3.748 1.126 23.10
323.15 5.019 4.036 0.983 19.59
373.15 5.315 4.755 0.559 10.53
398.15 5.414 5.115 0.299 5.523
423.15 5.518 5.475 0.043 0.784

ARD=11.9
Dimethyl carbonat 280.7 1.409 1.569 0.161 11.42

289.49 1.617 1.696 0.079 4.911
298.47 1.837 1.825 0.011 0.618
307.84 2.009 1.960 0.048 2.415
317.86 2.155 2.104 0.050 2.336
327.66 2.288 2.245 0.042 1.849

ARD=3.92
Propylene carbonat 298 2.143 1.761 0.382 17.81

303 2.253 1.833 0.419 18.63
313 2.434 1.977 0.457 18.76
323 2.517 2.121 0.396 15.73
333 2.734 2.265 0.469 17.15
343 2.778 2.408 0.369 13.28

ARD=16.9
Methyl cyanoacetate 298 2.189 1.776 0.413 18.88

303 2.206 1.847 0.358 16.24
313 2.416 1.991 0.424 17.56
323 2.602 2.135 0.466 17.93
333 2.660 2.279 0.381 14.31

ARD=17
N-formyl morpholine 298 1.966 1.698 0.267 13.58

303 2.092 1.771 0.321 15.35
313 2.223 1.915 0.308 13.86
323 2.407 2.058 0.348 14.47
333 2.587 2.202 0.384 14.86
343 2.701 2.346 0.354 13.13

ARD=14.2
Selexol 298 1.272 0.976 0.295 23.25

303 1.374 1.048 0.326 23.71
313 1.541 1.192 0.348 22.64
323 1.726 1.336 0.390 22.59
333 1.879 1.479 0.399 21.24

ARD=22.7
*AD=|yexp−ypre|
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ular weight, as illustrated in Fig. 10(a). Similar behavior is observed
in glycol ethers with nROH=0, but there are some contradictions
in this class of solvent with nROH=1 (see Fig. 10(b)). Three of the
solvents (EGMBE, DGMBE and DGMME) do not follow the
above-mentioned principle, which can be attributed to the experi-
mental error. These solvents have shown the most deviation in our
model (Eq. (5)), which is indicated in Fig. 8. In Fig. 10, the effect
of nROH is also clear and the group of solvents with higher hydroxyl
functional group have higher HLC values.

CONCLUSIONS

A QSPR approach was performed to predict HLC for CO2 in 22
physical solvents at different temperatures, by MLR method. nROH2

and MW are molecular descriptors that appeared in the main
models which the former had more effect on HLC prediction than
the latter. In mono-variable model, nROH2 had strong positive cor-
relation with HLC (R2=0.8172). Both molecular descriptors were
uncomplicated and could be calculated easily. According to nROH
values, the data set was divided into three clusters of which seven
compounds were placed in the first cluster with no hydroxyl func-
tional group and 13 compounds were placed in the second cluster
which had one hydroxyl functional group in their structures. The
obtained results from different validation methods reveal that the
proposed model has high predictive ability in prediction of HLC for
CO2. ARD values in training and test set were 6.04% and 4.46%,
respectively. The effect of temperature on HLC was investigated when
T was added to the other two descriptors. In this model, ARD val-
ues were equal to 6.03% and 6.38% for training and test set, respec-
tively, which represents the high accuracy of the model. According
to the proposed models, the best physical solvents for capturing
CO2 are the ones that have the highest molecular weight and no
hydroxyl functional group. In addition, external validation method,
which is a powerful tool for demonstrating the applicability of the
model, was done. Applying our model, the predicted values for all
the external data sets were acceptable. Therefore, it can be used
confidently for different solvents.
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LIST OF SYMBOLS

CO2 : carbon dioxide
QSPR: quantitative structure property relationship
HLC : Henry’s law constant
MLR : multilinear regression
H : Henry’s law constant for CO2

ARD : absolute relative deviation
RD : relative deviation
RMSE : root mean square error
LOO-CV: leave one out- cross validation
PCA : principal component analysis
MW : molecular weight
nROH : number of hydroxyl functional group
ZM1v : first Zagreb index by valance vertex degrees
ZM2v : second Zagreb index by valance vertex degrees
GA : genetic algorithm
f : fugacity
x : mole fraction
T : temperature
P : pressure
F : fisher function
S : standard error

Table 10. Randomization test results
Iteration R2

train

01 0.023
02 0.018
03 0.024
04 0.017
05 0.009
06 0.005
07 0.018
08 0.003
09 0.005
10 0.009

Fig. 10. Plot of ln Hexp vs. molecular weight for (a) ketone (▲), alco-
hol (●) and glycol (◇) and (b) glycol ether (nROH=0) (○)
and glycol ether (nROH=1) (◆).
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n : number of compound
p : number of descriptor
h : hat value
h* : critical hat value
X : descriptor matrix
E : Residual
E' : standard residual

Subscripts
i : compound
LOO : leave one out
exp : experimental value
pre : predicted value
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