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A B S T R A C T   

The determination of the critical micelle concentration (CMC) is a crucial factor when evaluating surfactants, 
making it an essential tool in studying the properties of surfactants in various industrial fields. In this present 
research, we assembled a comprehensive set of 593 different classes of surfactants including, anionic, cationic, 
nonionic, zwitterionic, and Gemini surfactants to establish a link between their molecular structure and the 
negative logarithmic value of critical micelle concentration (pCMC) utilizing quantitative structure-property 
relationship (QSPR) methodologies. Statistical analysis revealed that a set of 14 significant Mordred de
scriptors (SlogP, GATS6d, nAcid, GATS8dv, GATS4dv, PEOE_VSA11, GATS8d, ATS0p, GATS1d, MATS5p, 
GATS3d, NdssC, GATS6dv and EState_VSA4), along with temperature, served as appropriate inputs. Different 
machine learning methods, such as multiple linear regression (MLR), random forest regression (RFR), artificial 
neural network (ANN), and support vector regression (SVM), were employed in this study to build QSPR models. 
According to the statistical coefficients of QSPR models, SVR with Dragonfly hyperparameter optimization (SVR- 
DA) was the most accurate in predicting pCMC values, achieving (R2 = 0.9740, Q2 = 0.9739, r2

m = 0.9627, and 
Δr2

m = 0.0244) for the entire dataset.   

1. Introduction 

Surface active agents, also known as surfactants, are vital chemicals 
that play a crucial role in many aspects of our daily lives. There are four 
main subclasses into which surfactants can be categorized, depending on 
their net charge: cationic, anionic, nonionic, and zwitterionic. Lately, 
researchers have shown significant interest in a specific type of surfac
tant called Gemini surfactants. These surfactants possess two hydro
phobic tails and two head groups that are connected by a short spacer 
[1]. One of the fundamental characteristics of surfactants is their ability 
to collect at interfaces, which is related to the fact that their structure 
contains both hydrophilic and hydrophobic regions [2]. This charac
teristic of surfactants can reduce surface tension between two sub
stances. In principle, the effectiveness of the surfactant increases as its 
tendency becomes stronger. At a boundary, both the structure of the 
surfactant and the types of the two phases that meet at the interface 
influence the concentration of the surfactant. Therefore, the choice of a 
surfactant should be based on its specific use. Micellization, or micelle 
formation, is the dynamic process of the creation of micelles, which is 

another essential characteristic of surfactants, that is, the surfactant 
concentration exceeds a critical value called the CMC [1]. This last refers 
to the concentration at which surfactant molecules start to form mi
celles. At this point, various characteristics of the surfactant solution, 
such as foaming, interfacial tension, emulsification, conductivity, and 
others, undergo substantial changes [3]. Due to these characteristics, 
surfactants are commonly used in various industrial applications such as 
pharmaceuticals, detergents, personal care, food, and agriculture. They 
play a crucial role in facilitating wetting, foaming, emulsification, and 
lubrication processes [4–7]. Various external factors, such as tempera
ture, pressure, pH, ionic strength, volume of the solution, and the 
structural characteristics of the surfactant, including hydrophobic tail 
length and head group area, can significantly impact the CMC [7]. A 
variety of experimental techniques such as tensionmetry, conductance, 
nuclear magnetic resonance spectroscopy, cyclic voltammetry, and 
fluorescence emission spectroscopy can be employed to determine the 
CMC value [8]. 

Within the wide range of methodologies found in the literature for 
predicting substance properties by understanding the chemical 
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structure, QSPR modeling is a significant field of research in computa
tional chemistry [9] because it can provide a faster, more accurate, and 
less expensive method for understanding and measuring structural 
characteristics that affect physical property. In the QSPR framework, a 
wide range of molecular descriptors effectively capture the intricate 
details of the molecular structure, such as topological, constitutional, 
geometrical, electronic, and more [8]. Therefore, a chosen set of de
scriptors is statistically associated with the studied experimental prop
erty, producing a mathematical model that can be used for discovering 
valuable correlations between structure and property. 

Multiple QSPR models have been constructed to predict the CMC of 
surfactants [2,3,10–14] but few published QSPR models can accurately 
predict CMC values for all surfactant classes. Qin et al. [15] utilized a 
graph representation of molecules, where atoms are nodes and chemical 
bonds are edges, as the input for a graph convolutional neural network 
(GCN) to predict the CMC of a set of 202 surfactants, which included 
anionic, cationic, nonionic, and zwitterionic compounds. The test set 
with a (R2 = 0.92, RMSE = 0.3), demonstrates the robustness of the GCN 
model. A report published in 2002 [16] presents a QSPR model to pre
dict the CMC of 49 surfactants and seven molecular descriptors. By 
applying partial least squares regression, which takes into account 
nonionic, anionic, cationic, and zwitterionic surfactants, the study 

achieved an observed coefficient of determination of 0.90 for the 
training set. 

This study aims to establish QSPR models for the predicting and 
correlating the negative logarithm of CMC with the molecular structure 
of 593 different classes of surfactants (including anionic, cationic, 
zwitterionic, nonionic, and Gemini surfactants) using various de
scriptors. These descriptors are calculated from the two-dimensional 
depiction of the molecules. Both internal and external validation were 
used to select the best model. Finally, the applicability domain based on 
the Williams plot was analyzed for the best model. 

2. Methodology 

The process of building QSPR models contains several steps, which 
are explained below and illustrated in Fig. 1. 

2.1. Data collection 

A total of 593 distinct classes of surfactants, including anionic, 
cationic, nonionic, zwitterionic, and Gemini surfactants, were collected 
from a previous publication [2,10,17–29]. These surfactant CMCs were 
measured at temperatures ranging from 10 ◦C to 60 ◦C. To ensure a 

Fig. 1. General steps for the generation of QSPR models in the current study.  
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normal distribution, CMC values were transformed into the negative 
logarithmic form of pCMC (in mol/L), as shown in Fig. 2. The surfactant 
compounds and their associated experimental pCMC values are listed in 
the supplemental file as Table S1. 

2.2. Molecular descriptors calculation 

A molecular descriptor is a numerical number that is calculated 
based on a compound’s molecular structure [30]. Molecular descriptors 
act as features in building a machine learning model. Mordred was 
utilized to compute 1826 descriptors for each surfactant within a Python 
environment. These descriptors consist of 1613 2D descriptors and 213 
3D descriptors [31]. 

Before calculating these descriptors, you need to first draw the sur
factant molecules and then convert them to SMILES (Simplified Molec
ular Input Line-Entry System) notation using “Chem Sketch" software 
and save them as a CSV file. Then, convert the file into Mol objects using 
RDKit to compute the Mordred descriptor. 

2.3. Selection of relevant descriptors 

To ensure the relevance of molecular descriptors, it is necessary to 
implement a feature selection method. First, we excluded invariant 

descriptors that had missing values. Any descriptors with zero values are 
also removed. Then, descriptors with a relative standard deviation less 
than 0.001 were excluded. In addition, descriptors with an absolute 
value of the correlation coefficient greater than 0.75 were finally elim
inated. We have acquired a total of 77 descriptors through the process of 
selection. Then stepwise MLR with the F value method was used to select 
the most pertinent descriptors (https://sites.google.com/site/dtc 
labsmlr/). A set of 15 features containing temperature data obtained 
from feature pre-screening was used to build our predictive models. 
Variance inflation factors (VIF) were calculated to describe the selected 
model using SPSS 19.0 software to detect multi-collinearity. A model is 
considered appropriate if the VIF value is between 1 and 5 [32]. As 
shown in Table 1, all the descriptors’ VIF values were less than 3, 
indicating that the generated model is statistically significant, and the 
descriptors were discovered to be sufficiently orthogonal. For more 
details, Table 1 gives an overview of the characterization of the selected 
descriptors. 

2.4. Model development 

The dataset was randomly divided into two sets using the MATLAB® 
divider function. 80% of the data is utilized as a training set for model 
development, while the test set comprises the remaining 20% for eval
uating the performance of the model. 

2.4.1. MLR model 
The use of MLR led to the creation of a linear model. Various research 

groups have demonstrated the MLR approach for developing predictive 

Fig. 2. Normality distribution plot of CMC data: (a) before transformation, (b) 
after log transformation (pCMC). 

Table 1 
Characteristics of the selected descriptors by S-MLR and their VIF values.  

Descriptors 
names 

type class Definition VIF 

SlogP 2D Physicochemical 
properties 

Logarithm of the 
octanol/water partition 
coefficient 

1.457 

GATS6d 2D Autocorrelation Geary autocorrelation 
descriptor of lag6 

1.445 

nAcid 2D Count descriptor Number of acidic 
groups 

1.773 

GATS8dv 2D Autocorrelation Modified Geary 
autocorrelation 
descriptor of lag8 

2.609 

GATS4dv 2D Autocorrelation Modified Geary 
autocorrelation 
descriptor of lag4 

3.000 

PEOE_VSA1 2D MOE-type MOE Charge VSA 
Descriptor 1 

2.223 

GATS8d 2D Autocorrelation Geary autocorrelation 
descriptor of lag8 

2.395 

ATS0p 2D Autocorrelation Broto-Moreau 
autocorrelation - lag 0/ 
weighted by 
polarizabilities 

1.228 

GATS5d 2D Autocorrelation Geary autocorrelation 
descriptor of lag5 

2.350 

MATS5p 2D Autocorrelation Moran autocorrelation - 
lag 5/weighted by 
polarizabilities 

1.660 

GATS3d 2D Autocorrelation Geary autocorrelation 
descriptor of lag3 

2.245 

ndssC 2D Electrotopological 
State Atom Type 

Count of atom-type E- 
State:=C<

1.198 

GATS6dv 2D Autocorrelation Modified Geary 
autocorrelation 
descriptor of lag6 

1.725 

EState_VSA4 2D MOE-type descriptor MOE-type descriptors 
using EState indices and 
surface area 
contributions 

1.472 

T – – Temperature 1.152  
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QSPR models [33–37]. MLR requires establishing a quantitative rela
tionship between independent variables X (descriptors) and response Y 
(property), as demonstrated by Eq. (1) 

Y = b0 +
∑N

i=1
Xibi (1)  

Where Y is the dependent variable; Xi represents the explanatory vari
able (descriptors); bi represents the coefficient of those descriptors and 
b0 is the intercept of the equation. The MLRplusValidation 1.3 tool (htt 
ps://sites.google.com/site/mlrplusvalidation) was used to conduct the 
MLR calculations. 

2.4.2. ANN model 
McCulloch and Pitts [38] created artificial neural networks, inspired 

by biological nervous systems. ANN consists of three layers: input, 
hidden, and output. Each layer consists of interconnected processing 
components called neurons, which send their output to the next layer’s 
input. The neurons in the hidden and output layers are computed with 
active functions such as the linear or sigmoid function. The number of 
neurons in the input and output layers depends on the input and output 
variables. The number of neurons in the hidden layer is not fixed, but it 
depends on the difficulty of the problem and is determined through trial 
and error [39]. There are several neural networks with different training 
algorithms. In this work, we used a multilayer perceptron (MLP) trained 
with the trainbr function, that updates the weight and bias value ac
cording to Bayesian regularization back propagation optimization. It 
reduces a linear combination of mean squared errors (MSE) and weights 
[40]. The ANN algorithm was implemented using the MATLAB® R 
2018a. environment. 

2.4.3. RFR model 
Tin Kam Ho [41,42] introduced Radom Forest in 1995 as a method 

for creating decision trees for classification or regression applications. 
Breiman and Culter [42,43] extended the bagging approach to include a 
random selection aspect during training. 

A random forest is formed of a large number of individual decision 
trees that work as an ensemble. Each tree makes a category prediction, 
and the category with the most votes becomes our model’s forecast [44]. 
For this study, we used Python as a programming language and utilized 
Jupyter, with the assistance of the SKlearn library. 

2.4.4. DA-SVR model 
The concept of SVR was initially presented in 1997 by Drucker et al. 

[45]. SVR is a supervised model within the SVM [46] designed for 
regression tasks. SVR has hyperparameters [47], like the kernel and C. 
Kernel parameters control the decision boundary, while C parameters 
control error penalties. Dragonfly [48] was used to determine the best 
hyperparameter values for the SVR model in our database, resulting in 
remarkable accuracy and minimal error. The DA-SVR algorithm was 
implemented in the MATLAB® R 2018a environment. 

2.5. Model validation 

Various significant statistical parameters and applicability domains 
were applied to evaluate the efficacity of the model. The metrics 
assessed were the coefficient of determination (R2),

different regression metrics (Q2, Q2
F1, Q2

F2), average and delta of r2
m (r2

m,

Δr2
m), concordance correlation coefficient (CCC) to evaluate reproduc

ibility, root mean squared error (RMSE), mean absolute error (MAE), 
average absolute relative deviation (AARD) and Akaike’s information 
criterion (AIC) [49], which is an additional statistical parameter that is 
utilized to compare different models and determine which model best 
represents the experimental results. A low AIC value suggests a 
better-fitting model. The statistical parameters’ formulas are available 

in the literature [50–53]. 

3. Results and discussion 

3.1. MLR predictive model 

The MLR model’s performance depends on the size and quality of the 
dataset. For a reliable model, the ratio of datasets to variables must 
exceed 5 [54]. The linear equation representing the generated MLR 
model is given below.  

pCMC = 2.12274(±1.0075) + 0.33915(±0.02052) SLogP + 3.45516 
(±0.38652) GATS6d − 0.17197(±0.06904) nAcid - 1.86614(±0.40426) 
GATS8dv - 0.25316(±0.37152) GATS4dv + 0.02768(±0.01231) 
PEOE_VSA11 + 1.69493(±0.35779) GATS8d + 0.00014(±0.00014) ATS0p 
+ 0.07065(±0.42478) GATS1d + 1.03934(±1.5928) MATS5p - 1.34056 
(±0.43476) GATS3d - 0.10528(±0.08413) NdssC - 1.35554(±0.33952) 
GATS6dv + 0.02183(±0.00494) EState_VSA4 - 0.01049(±0.00714) T   (2) 

Where. 
ntrain = 475, R2 = 0.5194, Q2 = 0.5194, r2

m = 0.3597, Δr2
m = 0.3193, 

MAE = 0.6901, RMSE = 0.8841 for training set. 
The standard error of the regression coefficients is indicated in pa

rentheses. Table 2 provides an overview of the external criteria of the 
MLR model. 

3.2. ANN predictive model 

The ANN model was constructed using two activation functions; the 
hyperbolic tangent (tansig) function as a transfer function for hidden 
layers, and the linear transfer (purelin) function as a transfer function for 
output layers. The network was trained using a Bayesian regularization 
back propagation training function (trainbr). The architecture of the 
final model is {15,10,1}. In the training set, this model achieved sta
tistical parameters of R2 = 0.9299, Q2 = 0.9299, r2

m = 0.9852, Δr2
m =

0.0626, MAE = 0.2026, RMSE = 0.3345. Table 2 provides an overview 
of the external criteria of the ANN model. 

3.2.1. Mathematical equation application for the QSPR-ANN model 
The network architecture developed in this study is a multilayer 

perceptron with a structure of {15,10,1}. So, the network includes 
fifteen inputs (Xi, i = 1 to 15), one output (Z), and a hidden layer of ten 
neurons. We used hyperbolic tangent and linear functions as activation 
functions, which are mathematically defined in Eqs. (3) and (4), 
respectively. 

f (x)=
ex − e− x

ex + e− x (3)  

f (x)= x (4) 

The output signal of each hidden neuron (Yj) is calculated by Eq. (5), 
and the output of the network is given by Eq. (6). 

Table 2 
Statistical criteria of all developed models for the test set.  

Validation metrics MLR ANN RFR SVR 

R2 0.4343 0.8877 0.8121 0.9864 
Q2

F1 0.4485 0.8905 0.8142 0.9868 
Q2

F2 0.4252 0.8866 0.8063 0.9862 
r2

0 0.4256 0.8870 0.8063 0.9862 
r2

m 0.3938 0.8642 0.7503 0.9725 
r2

m 0.2958 0.8531 0.6915 0.9751 
Δr2

m 0.2590 0.0693 0.2295 0.0223 
CCC 0.6337 0.9409 0.8854 0.9930 
MAE 0.7354 0.3126 0.3907 0.0566 
RMSE 0.9322 0.4350 0.5411 0.1443  
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Yj = f

[
∑15

i=1
wi,jXi+bj

]

=

exp
(
∑15

i=1
wi,j Xi + bj

)

− exp
(

−
∑15

i=1
wi,j Xi + bj

)

exp
(
∑15

i=1
wi,j Xi + bj

)

+ exp
(

−
∑15

i+1
wi,j Xi + bj

)

(5)  

Z = f

[
∑10

j=1
w1,jYj+b1

]

=
∑10

j=1
w1,j Yj + b1 (6)  

Where wi,j are the weights of the connections between the input and 
hidden neurons, Xi are the input variables and bj is the bias on hidden 
neuron j. w1,j represent the weights of the connections between the 
hidden and output neuron and b1 is the bias on the output neuron. 

The final mathematical formula for predicting the critical micelle 
concentration of different classes of surfactants derived from the ANN 
approach is given in Eq. (6). The values of the weights and bias for each 
layer are given in the supplemental file as Table S2 and Table S3, 
respectively. Table 5 shows the predicted values for 11 surfactants that 
were not included in the construction of the QSPR models. These pre
dictions were based on Eq. (6). 

3.3. RFR predictive model 

We create the RFR model using Scikit-learn’s Random
ForestRegressor class. Our hyperparameters include setting 100 esti
mators and a minimum sample split of 2. In the training set, this model 
achieved statistical parameters of R2 = 0.9717, Q2 = 0.9665, r2

m =

0.8861, Δr2
m = 0.0327, MAE = 0.1553, RMSE = 0.2334. Table 2 provides 

an overview of the external criteria of the RFR model. 

3.4. DA-SVR predictive model 

The optimal value of the SVR hyperparameter was found using the 
dragonfly algorithm. Our model used the radial basis function (rbf) as a 
kernel function. The highest performance of the DA-SVR model was 
obtained with the following optimal hyperparameter values: regulari
zation constant (C = 200), insensitivity function (ε = 1.9939), and 
gaussian function parameter (γ = 0.0080). The predicted pCMC values 
for all 593 surfactants are presented in the supplemental file as Table S1. 
The scatter plot shown in Fig. 3, shows a strong correlation between the 
experimental values and the predicted results obtained by the DA-SVR. 

In the training set, this model achieved statistical parameters of R2 =

0.9712, Q2 = 0.9710, r2
m = 0.9581, Δr2

m = 0.0222, MAE = 0.0871, RMSE 
= 0.2171. Table 2 provides an overview of the external criteria of the 
DA-SVR model. 

3.5. Comparison of four statistical models 

Various validation metrics were utilized to assess the level of quality 
of the model. The validation metrics, both internal and external, 
demonstrate that the SVR, ANN, and RFR models are of acceptable 
quality; however, when it comes to the MLR model, the regression and 
error values fall short of ensuring a satisfactory level of predictive 
ability. The statistical metrics for the test set and whole set, as can be 
seen in Tables 2 and 3, respectively, show that the DA-SVR model sur
passes all other models. It attains the highest R2 (0.9740), Q2 (0.9739) 
and lower RMSE (0.2047), AARD% (4.4447). Also, the DA-SVR exhibits 
a significantly lower AIC value. Overall, statistical parameters indicated 
that the DA-SVR prediction had significantly higher accuracy compared 
to the RFR, ANN, and MLR models. 

3.6. Applicability domain 

Once the model is validated, it is crucial to determine its applicability 
domain as defined by the third OECD principle. This step ensures the 
reliability of the model and defines the range of samples whose pre
dictions can be considered accurate. The Williams plot [55,56] was used 
in this study to establish the applicability domain of the SVR model. As 
shown in Fig. 4, The threshold leverage computed, denoted by h*, equals 
0.101. A total of 569 compounds were found in both the training and test 
sets within the domain, and only 24 compounds were identified as 
outliers, where 8 compounds are outside the applicability domain (h >
h*) and 16 compounds are outside the range of the ± standard deviation 
unit. Thus, an accuracy rate of 95.95% was achieved through pre
dictions within the applicability domain. Fortunately, the DA-SVR 
model produced accurate predictions for these compounds. 

3.7. Contribution of the selected descriptors 

The set of 15 features obtained from feature pre-screening was used 
to build our predictive models. According to Table 1, the selected de
scriptors have been categorized into five distinct groups according to 
their properties and characteristics. The relevance factor [57] method 
was utilized to assess the impact of each of the 15 descriptors of the 
DA-SVR model in predicting surfactant CMC. Fig. 5 demonstrates that 
the CMC is directly influenced by descriptors known as SLogP, GATS6d, 
GATS8d, MATS5p, GATS3d, GATS6dv, and EState_VSA4. Conversely, 
the temperature and other descriptors exhibit an inverse relationship 
with CMC. Moreover, the greatest relevance input variables were SLogP 
and GATS4dv, with relevance factors of +0.57 and − 0.18, respectively. 
GATS3d and NdssC showed the least effect, with a relevance factor of 
+0.01 and − 0.02, respectively. 

Fig. 3. Scatter plots Predicted vs. Observed values of pCMC for the DA-SVR for 
training and test sets. 

Table 3 
Statistical criteria of all developed models for the global set.  

Validation metrics MLR ANN RFR SVR 

R2 0.5024 0.9247 0.9418 0.9740 
Q2 0.5021 0.9247 0.9365 0.9739 
r2

0 0.5021 0.9247 0.9366 0.9740 
r2

m 0.4937 0.9247 0.8739 0.9740 
r2

m 0.3478 0.8898 0.8819 0.9627 
Δr2

m 0.3085 0.0700 0.1095 0.0244 
CCC 0.6743 0.9607 0.9649 0.9868 
MAE 0.6991 0.2229 0.2022 0.0810 
RMSE 0.8939 0.3476 0.3192 0.2047 
AARD (%) 81.1891 10.7150 24.2263 4.4447 
AIC − 102.2222 − 1222.3 − 1323.3 − 1850.05  
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3.8. Comparison with previously reported models 

As part of model validation, our DA-SVR model for predicting the 
pCMC of 593 surfactants has been compared to a previously published 
model in the literature. Comparing the current study with previous ones 
is difficult due to differences in data sets and modeling methods 
involving molecular descriptors and algorithms. It is important to note 
that the majority of these QSPR models have exclusively used a single 

class of surfactant. For instance, Wang et al. [58] considered nonionic 
surfactants, Rahal et al. [37] focused on anionic surfactants, Guo et al. 
[21] considered Gemini surfactants, and Roy et al. [59] explored 
cationic surfactants. However, Qin et al.’s [15] and Anoune et al.‘s [16] 
studies were exceptional as they encompassed anionic, cationic, 
nonionic, and zwitterionic surfactants. Table 4 displays the statistical 
parameters for the results obtained in this study and previous studies 
found in the literature. All of these models have the potential to provide 
excellent prediction abilities. However, our model surpasses all previ
ously published models in all statistical metrics available for compari
son, with a higher coefficient correlation and a lower root mean squared 
error. Furthermore, we used our ANN-based equation and DA-SVR 
models to predict the pCMC of 11 surfactants. These surfactants were 
not included in the construction of the QSPR models. The results are 
shown in Table 5. The findings indicate that the DA-SVR model is more 
consistent with the actual data compared to the ANN model. 

4. Conclusion 

This study aims to compare linear and non-linear methods for pre
dicting the CMC of various surfactant classes based on their molecular 
descriptors. After applying multiple reduction techniques, a total of 14 
molecular descriptors were identified as highly relevant and retained. A 
total of 593 experimental data points were used to train and validate the 
proposed models. These data points represent the critical micelle con
centration of surfactants at various temperatures. The proposed statis
tical parameters were examined to assess the predictive performance of 
the improved model. The results demonstrate that by utilizing the 
dragonfly approach for hyperparameters optimization, the SVR model 
surpasses the ANN, RFR, and MLR models in accurately forecasting the 
non-linear characteristics of CMC of surfactants. In summary, the vali
dation results demonstrate the strength and reliability of the SVR-QSPR 
model that has been built. Its performance is highly satisfactory, making 
it a valuable tool for predicting the critical micelle concentration of 
these surfactant compounds. 

Fig. 4. William’s plot for the DA-SVR model.  

Fig. 5. The results of the relevance factor analysis carried out on the DA- 
SVR model. 

Table 4 
Performance of our DA-SVR model with previously published models for internal and external validations.  

Models QSPR method Data points Internal validation External validation 

R2 Q2 r2
m Δr2

m R2 Q2
ext MAE RMSE 

This study DA-SVR 593 0.971 0.971 0.958 0.087 0.986 0.986 0.056 0.144 
Qin et al. [15] GCN 202 – – – – 0.920 – – 0.300 
Anoune et al [16] PLS 49 0.900 - - - - - - - 
wang et al. [58] MLR 83 0.959 0.947 – – 0.946 – – – 
Rahal et al. [37] MLP-ANN 50 0.940 0.930 0.890 0.060 – 0.950 – – 
Guo et al. [21] GA-LSSVM 120 0.964 0.917 – – 0.855 – – 0.500 
Roy et al. [59] GFA 35 0.949 0.893 0.851 0.020 0.904 – – –  

Table 5 
Observed value of pCMC and those calculated by Eq. (6) and DA-SVR for 11 
surfactants.  

Structure T 
(◦C) 

pCMC (mol/L) 

observed Predicted by 
ANN Eq. (6) 

Predicted 
by DA-SVR 

C9H19SO−
4 Na+ 25 1.22 1.15 1.27 

C10H21(OC2H4)2SO−
4 Na+ 25 1.91 1.80 1.68 

C12H25(OC2H4)4SO−
4 Na+ 25 2.77 2.86 2.47 

C14H29COO− Na+ 40 2.14 1.95 2.26 
C16H33COO− Na+ 40 2.74 2.30 2.32 
C7H15CH(C3H7)C6H4SO−

3 Na+ 40 2.40 0.83 2.27 
C6H13CH(C4H9)C6H4SO−

3 Na+ 40 2.30 2.40 2.23 
C5H11CH(C5H11)C6H4SO−

3 Na+ 40 2.25 2.89 2.37 
C8H17C6H4SO−

3 Na+ 40 1.91 2 1.91 
C8H17CH(CH3)C6H4SO−

3 Na+ 40 2.30 1.58 2.43 
C7H15CH(C2H5)C6H4SO−

3 Na+ 40 2.20 0.58 2.37  
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