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Reésume

Résumé
Prédiction et modélisation des propriétés physico-chimiques des tensioactifs d'intérét
pharmaceutique.

Les amphiphiles, également appelés tensioactifs, sont largement connus pour leur aptitude
a diminuer la tension superficielle et sont couramment employés dans différents domaines
industriels en raison de leurs caractéristiques physico-chimiques intéressantes. L’objectif de ce
travail était de développer et d’évaluer des modeles QPSR contribuant a la modélisation des

propriétés des tensioactifs a 1'aide des algorithmes d'apprentissage automatique.

La premiére contribution a porté sur la prédiction de la concentration micellaire critique
(CMC) de 119 tensioactifs a base de sucre en appliquant quatre techniques d'apprentissage
statistique, notamment la régression linéaire multiple, les moindres carrés partiels, les réseaux
de neurones artificiels (ANN) et le systéme d'inférence neuro-flou adaptatif. Différentes
mesures statistiques ont été utilisées pour évaluer la fiabilité et la robustesse des modeles. Les
meilleurs résultats (2= 0.803, Q2%,=0.982, and Ar,2= 0.006) ont été obtenus pour ANN avec
une architecture {6-6-1}. De plus, 6 autres tensioactifs a base de sucre ont été sélectionnés
comme ensemble externe pour évaluer le modele ANN développé et le résultat a donné une

bonne prédiction avec (R = 0,96).

La deuxiéme contribution a porté sur la prédiction de la concentration micellaire critique
(pCMC) de différentes classes de tensioactifs. L'analyse statistique a révélé qu'un ensemble de
14 descripteurs Mordred significatifs (SlogP, GATS6d, nAcid, GATS8dv, GATS4dv,
PEOE_VSA1l, GATS8d, ATSOp, GATS1d, MATS5p, GATS3d, NdssC, GATS6dv et
EState VSA4), ainsi que la température, ont servi d'entrées appropriées. Différentes méthodes
d'apprentissage automatique, telles que MLR, la régression forestiére aléatoire (RFR), ANN et
la regression a vecteurs de support optimisée par I'algorithme libellule (DA-SVR), modélisent
leur capacité prédictive/corrélative et leur faisabilité ont été examinées. Selon les coefficients
statistiques, DA-SVR était le plus précis pour prédire les valeurs de pCMC, atteignant
(R%=0.9740, Q%=0.9739, 7;2=0.9627, and Ar;2=0.0244) pour I’ensemble des données.

Mots clés : tensioactif, CMC, RQSP, apprentissage automatique, RNA, ANFIS, DA-SVR,
MLR, PLS



Abstract

Abstract
Prediction and modeling of the physicochemical properties of surfactants of
pharmaceutical interest.

Amphiphiles, also called surfactants, are widely known for their ability to reduce surface
tension and are commonly used in different industrial fields due to their interesting
physicochemical characteristics. This work aimed to develop and evaluate QSPR models that

contribute to the modeling of surfactant properties using machine learning algorithms.

The first contribution focused on predicting the critical micelle concentration (CMC) of
119 sugar-based surfactants by applying four statistical learning techniques including Multiple
linear regression, Partial least square, Artificial neural networks (ANN), and Adaptive neuro-
fuzzy inference system. Different statistical metrics were employed to evaluate the reliability
and robustness of the models. The best result (2= 0.803, QZ,=0.982, and Ar,2= 0.006) were
obtained for ANN with {6-6-1} architecture. In addition, 6 other sugar-based surfactants were
selected as external sets to assess the developed ANN model and the result gave good prediction

with (R = 0.96).

The second contribution focused on predicting the critical micelle concentration (pCMC)
of different classes of surfactants, including anionic, cationic, nonionic, zwitterionic, and
Gemini surfactants. Statistical analysis revealed that a set of 14 significant Mordred descriptors
(SlogP, GATS6d, nAcid, GATS8dv, GATS4dv, PEOE VSA11, GATS8d, ATSOp, GATS1d,
MATSS5p, GATS3d, NdssC, GATS6dv and EState VSA4), along with temperature, served as
appropriate inputs. Different machine learning methods, such as MLR, random forest
regression (RFR), ANN, and optimized Support Vector Regression by the dragonfly algorithm
(DA-SVR) model their predictive/correlative capacity and feasibility have been examined.
According to the statistical coefficients, DA-SVR was the most accurate in predicting pCMC
values, achieving (R?=0.9740, 02=0.9739, 7;2=0.9627, and Ar,2=0.0244) for the entire dataset.

Keywords: surfactants, CMC, QSPR, machine learning, ANN, ANFIS, DA-SVR, MLR, PLS
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General Introduction

General Introduction

Throughout time, humans have always felt the need to understand and explore the
phenomena of our world, which led to the development of chemistry and physical sciences.
Surface chemistry studies phenomena that occur on the surfaces or interfaces of materials,
including adsorption, heterogeneous catalysis, colloidal formation, corrosion, crystallization,
and solubility [1]. Surface chemistry has been used by humans for a long time, through soap
and cleaning. Then it manifested itself in various scientific fields, which led to the creation and
industrial production of surfactants, not to mention its applications in industry as well as in

daily life.

The worldwide surfactants market is expected to grow at a compound annual growth rate
(CAGR) 0f 4.9% between 2021 and 2028, from $41.22 billion in 2021 to 57.81 billion in 2028.

Surfactants are produced at a rate of around 17 million metric tons per year [2].

Surfactants encompass a wide range of chemicals that play critical roles in many fields,
and their effect is directly related to their chemical structure. All surfactants have an
asymmetric structure with hydrophobic and hydrophilic parts. Therefore, they are soluble in

organic solvents and water.

Understanding the fundamental properties of surfactants, such as micellization, adsorption
behavior, and interfacial properties, is crucial for designing processes and products and creating

correlation and prediction models [3].

However, critical micelle concentration (CMC) is a key parameter for both surface
chemistry and chemists and systematic data collection and daily progress in this field are
essential. The CMC is defined as the concentration of surfactants upon which micelles form
and all surfactants added to the system are directed toward the micelles. Hence CMC is an
important surface property. Measuring them using traditional experimental methods is
sometimes time-consuming and expensive. In this paper, we have tried to solve these problems

by developing mathematical methods to estimate this property.

Molecular modeling offers the possibility of representing structures in two or three
dimensions, but it also allows any theoretical chemist to carry out in-depth and precise studies
of molecular systems and to express them using mathematical models [4]. Nowadays,
computational methods of artificial intelligence are widely used in various sectors for modeling

purposes. These methods allow the creation of reliable models that can accurately predict
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multiple properties and activities related to physical, chemical, and biological phenomena [5,6].
Quantitative structure-activity/property relationships (QSAR/QSPR) are particularly relevant
predictive methods. For a long time, QSAR/QSPR models were mainly designed for biological
activities [7,8], such as surfactant toxicity [9]. However, they are increasingly used in the
physicochemical characteristics of molecules [10,11], such as the amphiphilic properties of
surfactants [12]. QSAR/QSPR models can predict specific properties based only on their
molecular structure. Relationships between molecular structures, and their properties are

usually established using statistical learning modeling techniques.

The main objective of this thesis is to develop mathematical models from structural
information incorporated in surfactant molecules to predict CMC based on QSPR concepts

with computational intelligence techniques.

Several steps were used during the development of the QSPR models, the main ones being:
(1) the collection and processing of the database, (2) the calculation and selection of molecular
descriptors, and (3) the development and selection of the best developed models. The efficiency
and precision of these models were tested using several statistical parameters such as the
coefficient of determination (R?), and the Root Mean Square Error (RMSE). The models were
also validated using the Applicability Domain method.

This thesis is mainly structured around three chapters:

The first chapter is subdivided into three parts. The first part includes a bibliographic
overview of surfactants such as the definition, classification, and characteristics of surfactants
as well as their areas of use. The second part is devoted to the study of modeling methods, in
particular the concept of (QSPR/QSAR), and artificial intelligence techniques based on
machine learning for linear and non-linear modeling. The methods described are multiple linear
regression (MLR), partial least square (PLS), artificial neural network (ANN), adaptive neuron
fuzzy inference system (ANFIS), random forest regression (RFR), support vector machine
(SVM), and also the dragonfly optimization algorithm. The third part is devoted to the critical

review of the modeling of the physicochemical parameters of surfactants.

The second chapter presents the results of contributions made by the four computational
intelligence techniques, MLR, PLS, ANN, and ANFIS, for the estimation of the CMC of sugar-
based surfactants followed by a comparative study between the proposed models and other
models from the literature. In addition, a sensitivity study of the input parameters and

application domain for the best proposed model is developed.
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The third chapter presents the results of contributions made for the modeling of the CMC
of the different classes of surfactants (anionic, cationic, nonionic, zwitterionic, and Gemini) at
temperatures ranging from 10°C to 60°C using the predictive MLR, ANN, RF, and SVR
optimized by the dragonfly algorithm (DA-SVR) are presented, as well as a comparison
between the proposed models and other models in the literature, and a study of the sensitivity

of the input parameters and the applicability domain for best model.

The study ends with a general conclusion summarizing the main results obtained
throughout the work of this thesis as well as some perspectives which can be considered as

future work which will be carried out in this line of research.
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I.1 Basics of surfactants

1.1.1 Introduction

Advances in chemistry and industrial production processes in the 1920s and 1930s led to
a significant increase in surfactants and detergents, increasing the number of valuable

materials.

Their numerous applications in pharmaceuticals, para pharmaceutics, and crude oil

recovery highlighted the importance of understanding surfactants and their properties.

I.1.2 Definition

Surfactants, abbreviated as surface-active agents, are active organic chemicals at the
surface. When introduced between two immiscible phases, they modify their interfacial
properties.

The term "amphiphiles" is frequently used synonymously with "surfactants." The term
"amphi," which means "both," comes from Greek. These compounds have two parts of
different polarity. The hydrophobic groups, represented by a hydrocarbon chain, can be soluble
in organic solvents. On the other hand, the hydrophilic groups are soluble in water [1] (see

Figure I.1).

Hydrophilic Head Hydrophobic tail

O/\/\/\/\/\/\

Figure I.1. Simplified Schematic of a surfactant.

I.1.3 Classification of surfactants
Surfactant compounds are classified into several classes:

e The first classification is based on their solubility. Hydrophilic surfactants possess the
ability to dissolve in water, whereas lipophilic surfactants dissolve in lipids. In general,
ionic surfactants are hydrophilic, but nonionic surfactants can have either a hydrophilic or
lipophilic characteristic depending on the composition of their groups. Consequently, the
solubility of nonionic surfactants is determined by the hydrophilic-lipophilic ratio [2].

e Surfactants are often commercially classed based on their intended functions. However,
this is not very advantageous because many surfactants have several uses, which might

confuse [3].
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e The most frequently accepted and scientifically adapted classification of surfactants is
based on their hydrophilic head charge. Charge variation at the hydrophilic head provides
surfactant molecules with a very diverse range of properties [3—5]. We identify the

following families:
Nonionic surfactants

Nonionic surfactants are one of the most frequently utilized surfactants in industry. Non-
ionic surfactants are distinguished by a lack of charge at their hydrophilic head. They are
typically low toxicity and stable in hard water [6]. This group comprises ethoxylated alcohols,
alkylphenols, fatty acid esters, and more. Due to their mildness, nonionic surfactants are widely

employed in the home and personal care, as well as the agrochemical industry.
23

Figure I.2. Chemical structure of polyoxyethylene glycol dodecyl ether.
Anionic surfactants

Anionic surfactants are distinguished by a negatively charged ionic group, such as
carboxylate, sulfate, or sulfonate. They are more used due to their low manufacturing cost.
They are therefore used in the formulation of detergents. However, they have been shown to

irritate the skin [7].
O
O._
\/\/\/\/\/\/ S

d' O Na

Figure I.3. Chemical structure of sodium lauryl sulfate.
Cationic surfactants

These molecules have a positively charged hydrophilic head and a halide counter ion. It
mainly includes ammonium salts. They have a range of purposes, including antistatic
properties, antimicrobial effects, and fabric softening [6]. However, due to their synthesis

difficulty, cationic surfactants are generally more expensive than anionic surfactants.

ket
+
\/N\CI

Figure I.4. Chemical structure of cetylpyridinium chloride.
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Amphoteric surfactants

Amphoteric surfactants are known as zwitterionic molecules that have both negative and
positive charges in their hydrophilic group. These surfactants are soluble in water and combine
well with other surfactants to create micelles. Amphoteric surfactants' charge changes with pH
alter their wetting, detergent, and foaming properties [8]. Amphoteric surfactants have qualities
similar to those of non-ionic. Zwitterionic surfactants possess excellent dermatological
qualities, as well as demonstrating little eye irritation, and are commonly used in personal care
products such as shampoos and are currently being employed in agrochemical formulation.
This category includes, among others, betaines or amino acids. However, these surfactants are

costly to produce.
\N+,

L

1
EI;:
@)

Figure 1.5. Chemical structure of lauryl sultaine.

The hydrophobic part comes from petrochemicals, plants, and animals [9]. It can have a
variety of structures, including linear, branching, unsaturated, and saturated hydrocarbon
chains. The number of carbon atoms, unsaturation, and branching all affect this part's
hydrophobicity and solubility [10]. Indeed, more carbon atoms increase hydrophobicity,
whereas more branches decrease it. A length of 8 to 16 carbon atoms is ideal for properties like
cleaning, wetting, adsorption, and emulsification. Linear hydrophobic chains are also favored
for improving these compounds' biodegradability [9].

There are other types of surfactants besides those which have just been named, among
which:

Gemini surfactants

Surfactants possess valuable properties and are extensively utilized. A new generation of
surfactants is emerging as a result of chemists improving these properties by modifying their

molecular structures.

In 1991, Menger and Littau identified a novel class of surfactants called Gemini
surfactants. As illustrated in Figure 1.6, it consists of more than one hydrophilic group
connected by a spacer [11-15]. This spacer group increases the Gemini surfactants'

hydrophobicity compared to the monomeric surfactants [12,16]. The hydrophilic head can

8
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display a range of charges from cationic, anionic, neutral, and zwitterionic, while the
hydrophobic tail can vary in length. Moreover, the spacer group might be polar or nonpolar,

and rigid or flexible [12,17].

Polar head E’Qla\l;l:ead
A LD
N 4 \ y

V\ "\
%}l Spacer |

OQ
9
Hydrophobic tailU U Hydrophobic tail

g N

Figure 1.6. Simplified Schematic of Gemini surfactant.

QQCJO(

Gemini surfactants have been more heavily focused on for many years for a variety of
purposes, including genetics, cosmetics, paint, textile industries, and especially oil recovery
[18], due to their low CMC [19], high solubilization capacity [20,21], unique aggregation
behavior, and micelle formation [22], intriguing rheological properties [23,24], high surface

activity [25], and lower Krafft temperature [13] when compared to conventional surfactants.
Natural surfactants

Natural surfactants can have either their hydrophobic or hydrophilic parts derived from
natural sources [26]. These surfactants can be generated directly from biomass, known as
biosurfactants, produced by microorganisms [27], or synthesized from biomass-derived
compounds. Figure 1.7 presents some examples of natural surfactants.

(@) o (b)

LO O T T T I

| \ OH
OH = HN
HO

OH o
nonyl--D-glucoside palmitoyl-phenylalanine
(c) (d) 0. OH g
C{\ \\/—0 0 /HV/L/\/\\% =
o DOH HOF OH )
o’ OH
4~ on palmitoyl ascorbate retinoyl-f3-D-glucuronide

Figure 1.7. Examples of natural surfactants.
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Surfactants (a)-(c) are synthesized from various molecules derived from biomass, while the

surfactant (d) is a biosurfactant, derived from microorganisms.

More precisely, the surfactant octyl a-D glucoside (Figure 1.7., a) is generated from sugar.
The most common bio-based surfactant family is sugar surfactants. Sugar-based surfactants
have sugar as their polar head and can be obtained from plant starch [28]. Many types of sugar
exist, such as glucose [29], maltose [30], and sucrose [31]. The nonpolar parts are derived from

fats or fatty alcohols.

A natural surfactant can be termed “green” or “eco-friendly” due to their low toxicity, high
biodegradability, and environmental compatibility, with relative stability at extreme pH or
temperature [28,32,33]. These surfactants have significant potential in the pharmaceutical and

cosmetic industries [34].
1.1.4 Characterization of surfactants

As previously stated, surfactants often comprise hydrophilic and lipophilic parts that
contribute to their particular properties. These molecules can exhibit a variety of intriguing
behaviors due to their affinity variations. Some properties are directly linked to adsorption at
interfaces, some to self-assembly, and others to the solubility of the aggregates formed by self-
assembly. Table 1.1 summarizes the amphiphilic characteristics that characterize the diverse
behaviors.

Tableau 1.1 Main properties characterizing the adsorption, aggregation of surfactants as well
as the solubility of their aggregates.

symbol property associated behavior
CMC critical micelle concentration self-assembly
Yeme surface tension at CMC adsorption/self-assembly
pCao efficiency Adsorption
[0 maximum surface excess Adsorption
Ay minimum surface area per surfactant at the interface Adsorption
Tk Krafft point solubility of aggregates
Tc Cloud point solubility of aggregates

1.1.4.1 Adsorption at interfaces and lowering of surface energy

The main characteristic of surfactant molecules in solution is their ability to adsorb to

interfaces which reduces surface energy [35].

10
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In the liquid phase, each molecule is influenced by attractive intermolecular forces that
play a crucial role in enhancing the overall cohesion of the liquid. The force acting on the
molecules in the core of liquid is isotropic and equal in all directions since they are surrounded
by identical surrounding molecules. Thus, the molecules in the liquid are in equilibrium and
the forces are zero. However, molecules at surfaces and interfaces are not equally connected
by molecules of the same kind, the forces acting on them are unbalanced, and the resulting
force is non-zero. Molecules on surfaces and interfaces are consequently drawn to the liquid's
core. It causes a spontaneous contraction of the liquid's surface or interface, reducing the liquid

molecules' contact area with air or another fluid. This behavior is illustrated in Figure 1.8 [4].

«— <« || zF+0
/J'\. /*\
S [
\T/" ’/4'\
«—
/*\
Water molecules

Figure L.8. Representation of the forces experienced by a water molecule within the liquid [4].

From these considerations, there is free energy noted y, expressed in N/m and defined as
the minimal work (W,,,;,,) required to increase the surface area or interface (AA) of a unit (Eq
I.1). Surface free energy can also be described by the force applied perpendicularly to the
surface or interface per unit length, known as surface tension for an air/water surface or
interfacial tension for an interface between two immiscible liquids. The surface energy is

important when the phases in contact are very diverse [5,35].

Whin = YAA 1.1
Where,

W in: Work [J].
y : surface free energy [J.m].

AA : increase in surface area [m?].

When surfactant molecules dissolve and in a low-concentration aqueous medium,

amphiphilic molecules adsorb in monomeric form and replace water molecules (Figure 1.9).

11
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The hydrophilic part will move toward the aqueous solution, while the lipophilic part will move
toward the second phase to minimize contact. Due to their structure, the surfactant will have a
significant affinity with one of the two phases and will contribute to reducing the surface free
energy through favorable interactions. According to Gibbs’ law (Eq 1.2), the decrease in surface
tension depends on the nature and concentration of the surfactant molecules and the

temperature. The following law applies to non-ionic surfactants in diluted media [4,36].
dy = —RTTldInC 1.2

Where,
y : Surface tension [N.m-1].
R : Universal ideal gas constant [8.314 J.mol'K™!].
T : Temperature [K].
I' : Excess surface area [mol.m™].
C : Concentration of surfactants [mol.L™].

When the concentration of surfactant molecules in an aqueous medium rises, this leads to
an accumulation of molecules on the surface, thereby reducing surface tension until the

water/air surface becomes saturated, leading to constant surface tension.
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Figure 1.9. Evolution of surface tension as a function of concentration, and the behavior of

surfactants in aqueous solution.
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1.1.4.2 Micellization

Once the surface is fully saturated, the surfactant begins to form aggregates in the solution,
known as micelles, at a concentration referred to as the “critical micelle concentration” (CMC)
[37]. We note that aggregates develop when the hydrophobic component of the monomers,
which cannot establish hydrogen bonds in the aqueous phase, causes a significant rise in the
system's free energy. One method for reducing this energy is to isolate the nonpolar fraction
by adsorbing it on an organic matrix or building aggregates with hydrophobic regions in the
middle of the solution [38].

Several physicochemical parameters of the solution, such as conductivity, turbidity,

surface tension, and more, change suddenly at the CMC [39], as seen in Figure 1.10.

(&)

T § osmotic pressure
&

g turbidity

2

=7

2

~ N \ surface tension

molar conductivity

voltammetry

Surfactant concentration —»

Figure 1.10. Evolution of a solution's physicochemical parameters in function of surfactant

concentration [39].

According to Figure 1.10, relevant measures may be utilized to calculate the CMC of a
surfactant. The CMC value at the curve's break point is obtained by graphing the

physicochemical characteristic versus surfactant concentration.

Furthermore, the CMC of surfactant is influenced by several factors, including the
molecular structure of the surfactant [40], solution salinity [41], pressure conditions [42],

temperature, pH, ionic composition, and others [43].

13
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1.1.4.2.1 Morphology of aggregate

The molecular packing parameter (Eq 1.3) is a concept that represents the link between the

surfactant geometry and its aggregate structure in aqueous solutions, as follows [44]:
p= ;:—(; 1.3
Where,
p : packing parameter
vy : the volume of the surfactant tail [A%]
I, : the length of the surfactant tail [A%]

a : the surface area of the hydrophilic headgroup at the aggregate surface [A].

Figure 1.11 Displays the terms involved in the packing parameter equation (1.3).

Figure 1.11. Definition of the terms used in the packing parameter equation [45,46].

The surfactant molecules self-assemble into various aggregate shapes dependent on the
packing parameters, as illustrated in Figure 1.12 These shapes influence the solution’s

properties, including its viscoelastic behavior [47] and solubilization capacity [44].

14
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Figure 1.12. Aggregate characteristics as a function of the packing parameter [48].
1.1.4.3 Hydrophile-lipophile balance

The hydrophilic-lipophilic balance (HLB) is essential for determining a surfactant's ability
to dissolve in water or oil. It is represented by a number ranging from 0 to 20. A value of 0
represents a completely hydrophobic molecule, whereas a value of 20 represents a molecule
made entirely of hydrophilic components [46,49,50]. Table 1.2 highlights the HLB values
associated with the surfactants' application properties. It can be calculated using empirical

equations from surfactant molecules.

Tableau 1.2 Surfactants properties/application based on the HLB parameter [46].

HLB value Property/application
0-3 Antifoaming agent
4-6 W/O emulsifier
7-9 Wetting agent
8-18 O/W emulsifier

13-15 Detergent
10-18 Hydrotrope or solubilize

Griffin suggested in 1949 that the HLB parameter of nonionic surfactants be computed

using the following formula [51]:

M
HLB = 20 % —* 1.4
M
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Where,
M,,: molar mass of the hydrophilic part [g.mol™].
M: molar mass of the surfactant [g.mol™].

Another equation established by Davies in 1957 [52] for determining the HLB values of
nonionic and charged surfactants based on the functional group, as seen in (Eq L.5), and a set

of group numbers is presented in Table 1.3 provided by Davies (1957).
HLB =7+ Z (hydrophilic group numbers)

— Z(hydrophobic group numbers)

Tableau 1.3 The group numbers obtained by the Davies [52].

Hydrophilic groups value
-SOzNa* 38.7
-COO0"K* 21.1
—-CO0 Na* 19.1
N (tertiary amine) 9.4
Ester (sorbitan ring) 6.8
Ester (free) 2.4
—COOH 2.1
Hydroxyl (free) 1.9
-0- 1.3
Hydroxyl (sorbitan ring) 0.5

Lipophilic groups
—CH- -0.475
—CH,- -0.475
CH;- -0.475
=CH- -0.475
Derived groups
—(CH,CH,0)- 0.33
—(CH,CH,CH,0)- -0.15

The enhancement made to the equations for calculating HLB has partially made it possible
to consider certain structural considerations, but now the QSPR approach appears to be more

reliable due to the diversity and complexity of new surfactant molecules [51].

16
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1.1.4.4 Solubility

knowing surfactant solubility helps us select the best items for certain applications and

establish the conditions under which they should be used.

At a critical temperature, two phenomena were observed: cloud point and Krafft point.
These are specific to each surfactant and can be observed on the surfactant/water phase

diagram.
1.1.4.4.1 Krafft point

lonic surfactants are distinguished by their Krafft point, also known as the critical micelle
temperature, at which solubility equals CMC [53]. At temperatures lower than Krafft surfactant
cannot form micelles [54] and it tends to be insoluble [55]. However, at the Krafft temperature,
the surfactant’s solubility increases significantly, and a further temperature rise allows the
formation of micelles once the CMC is reached [56]. Furthermore, the Krafft point corresponds
to a triple point in the phase diagram of the binary water-ionic surfactant, as shown in Figure
1.13. In many applications, knowledge of this parameter enables selecting a surfactant having
a Krafft point lower than its temperature of use. Generally, the Krafft point for the same polar
head increases as the length of the alkyl chain increases [57].
2 CAOOOA0
0000 l Solubility curve
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Figure 1.13. Phase diagram of the water-ionic surfactant system [4].
1.1.4.4.2 Cloud point

The cloud point is the temperature at which aqueous solution of nonionic surfactants,
especially polyethoxylated type, becomes cloudy, due to dehydration of the hydrophilic part of

the surfactant molecules. Figure 1.14 represents a simplified phase diagram of an aqueous
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solution containing ethoxylated nonionic surfactants. A cloudy biphasic solution with a
surfactant-rich phase and a surfactant-poor phase is present above Tc. The presence of a clear
micellar solution is observed below Tc. it should be noted that at higher concentrations, a liquid

crystal phase may appear in the form of a cubic, hexagonal, or lamellar phase [4].

Liquid
crystal

T, curve

\

Surfactant concentration

Micellar
solution
Phase
CMC curve separation
Monomer - -
solution
Temperature

Figure 1.14. Phase diagram of the water-nonionic surfactant system [4].

Literature shows that sugar-based surfactants such as alkyl polyglucoside and sugar

amides have both a cloud point and a Kraft point [4].

I.1.5 Surfactants applications

Surfactants have amphiphilic characteristics and can interact at different interfaces to stabilize
mixtures with different polarities. They are often utilized in scientific research to industrial
manufacturing. They are referred to by many depending on their application, such as
detergents, wetting agents, dispersion agents, and so on. They have become an essential part of
our daily lives in every aspect. Figure 1.15 illustrates some of the most common applications

of surfactants.
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Figure 1.15. Some common areas of surfactant applications.
I.1.5.1 Detergent and cleaning agents

One common use for surfactants is as detergents or cleaning agents. The ability of the
surfactant to wet hydrophobic substances (undesirable dirt) and enclose them in surfactant
micelles is what ensures their cleaning effect. Anionic surfactants, like alkyl benzene
sulfonates, alkyl sulfate, alkyl ether sulfate, and soaps, are the most commonly used types in

this field [58].
I1.1.5.2 Coating products

Surfactants play a crucial role in paint production processes. They help to grind the
pigments in paint by reducing the energy of the particles. The barriers that prevent the
aggregation of pigments are also created by the adsorption of surfactant molecules on the
surface of the particles. Surfactants also play a crucial role in stabilizing pigment particles in

the final paint product, allowing the paint to be stored for a longer time [59].
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1.1.5.3 Personal care products

Surfactant is a major element in many personal care products, including shampoo, hand
cream, and facial cleaning. One reason is that such products are always a combination of
diverse chemicals with varying polarities, and surfactants improve their mixability and

stability. Surfactants can also assist active substances in penetrating the skin layer [60].
I.1.5.4 Food industry

Surfactants are used in many food manufacturing processes, including cholesterol
extraction, oil solubilization, liquor emulsification, component separation prevention, and

nutrient solubility [60].
1.1.5.5 Pharmaceutical research

Surfactants have a high potential as carriers of drugs or targeting systems due to their
distinctive phase structure in different conditions. They can form micelles in aqueous solutions,
which helps to encapsulate drugs that are not easily soluble in water. This allows to creation of
stable solutions for intravenous or oral administration [61]. Researchers are interested in
utilizing surfactants for drug targeting. Some studies suggest that using surfactant micelle as
micro-containers can improve neuroleptic targeting from blood flow into the brain [62].
Nonionic surfactant-based vesicles can also be used to target anti-cancer drugs in tumor tissues,

taking advantage of the unique blood vessel structure in these tissues [63,64].

I.2 Chemoinformatic and programming tools

1.2.1 Introduction

Since the invention of the term Informatik by Professor Karl Steinbush in a publishing
paper entitled Informatik: Automatische Informationsverarbeitung ("Informatics: Automatic
Information Processing"), researchers have noted the emergence of computer science in various

fields including artificial intelligence, data mining, data science, and more.

Chemoinformatics is a scientific discipline that applies computer science tools to solve
chemical problems. The concept of Chemoinformatics had its literary debut by F.K. Brown in
1998 [65].

“Chemoinformatics is the mixing of those information resources to transform data into
information and information into knowledge for the intended purpose of making better

decisions faster in the area of drug lead identification and optimization”
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Machine learning is an area of artificial intelligence that focuses on creating techniques
and procedures that allow computers to learn and execute tasks. It entails the creation of
algorithms that will enable machines to do jobs and activities, and it has been linked to statistics

in many ways over time [66].

This section focuses only on the general exposure of the informatics bases, models, and

algorithms associated with the theme.

1.2.2 Fundamental Concepts
1.2.2.1 Databases

A database, also known as an electronic database or dataset, is a collection of information
that is organized for easy access, search, management, and updates. Typically, a database

management system (DBMS) controls it [67].

The choice of the initial experimental database is a critical step for developing
QSAR/QSPR models. To ensure quality, a database should consist of reliable experimental

data. This is because the uncertainties in these data will propagate into the final modal.

Most statistical methods assume that the observed values follow a normal distribution. So,
it's important to check the normality of the distribution of measured values. There are various
statistical tests available for this purpose, a more straightforward approach is to visually
evaluate the distribution through a histogram representation of the data, allowing this
characteristic to be evaluated [68].

1.2.2.2 SMILES

The initial step in formalizing chemistry involves naming a chemical compound. we need
an unambiguous and reproducible notation, whether for the simplest atom or a complex

structure.

SMILES stands for Simplified Molecular Input Line Entry Specification, which is a
chemical notation designed for modern chemical information processing [68]. It’s Based on

principles of molecular graph theory [69,70].

For more details about the coding rules of the SMILES notation, you can consult the work

of Weininger and his collaborators [69,71,72].
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1.2.2.3 Molecular descriptors

A molecular descriptor is the outcome of a systematic experiment or a logical and
mathematical process that converts chemical information encoded in a symbolic representation
of a molecule into a usable number [73]. More precisely, they are quantitative representations
of a molecule's physical, chemical, or topological properties that summarize our knowledge

and understanding of molecular structure and activity from several perspectives [74].

Molecular descriptors play an important role in studies on the relationship between
quantitative structure-activity/property. We use them as independent variables to predict a

dependent variable (activity/property).

The use of molecular descriptors in QSAR/QSPR models is a difficult task, as a large
number of molecular descriptors, complexities, and diverse conceptions presented in recent
years. Despite this, no strict rules have been established for selecting suitable descriptors, often

based on researchers' chemistry intuition [68].
1.2.3 Quantitative structure-activity/propriety Relationship

QSAR/ QSPR methods are based on the assumption that the structure of a chemical
compound is related to its activity or property. A QSAR/ QSPR is, by definition, a mathematical
model that combines one or more quantitative parameters from a chemical structure with a

quantitative measure of a biological activity or chemical property.

The mathematical expression obtained can serve as a prediction of the activity or property
studied for new molecules or molecules for which experimental data are not available. This can

be represented as depicted in equation 1.6 [68].

activity / property = f(molecular descriptors ...) 1.6

1.2.3.1 Property prediction (QSAR/QSPR)

The relationships between various chemicals and, especially, the biological data of the
compounds and their structure are too complex to directly predict using the first principles,

necessitating an indirect, two-step process (Figure 1.16) [75].
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Figure 1.16. The basic approach to QSAR/QSPR.

The first step is to represent a molecule structure by structural descriptors. The second
stage involves analyzing and creating models based on structural descriptors and characteristics
[75].
1.2.3.2 Construction of QSAR/QSPR model
The quality of the QSAR/QSPR model can be directly associated to [76]:

e The data used for its construction. Hence, before building the model, insights into the
data must be gained.

e A comprehensive understanding of the problem and influencing factors helps identify
relevant relationships.

e Relevant background data concerning the system studied, whether biological or
chemical, must be collected through a literature search.

e Data sets for the model built should be selected carefully, as poor and inconsistent data
could result in the creation of a corrupt model.

e Other elements such as data division into training and test datasets, molecular

descriptors, and statistical methods for model development, impact model quality.

The construction of the QSAR/QSPR model is illustrated schematically in Figure 1.17.
The following chapter briefly outlines the different steps that are involved in developing the
QSAR/QSPR model.
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Data preprocessing

Data transformation
(Smoothing, normalization, and aggregation)

Datasets division
(training and test data sets)

Features/Descriptors Selection
(Filter methods, wrapper methods, and heuristic methods)

4 N
Model Development
(Regression-based methods, classification-based methods,
machine learning techniques)

\- J/

e N
Validation of model

(Internal validation, and external validation)

Interpretation and applicability domains analysis

\ 7

Figure 1.17. Schematic representation of QSAR/QSPR model development [76].

The major challenge of QSARs is to choose the group of descriptors that describe the most
essential structural and physicochemical characteristics related to the activity. The QSAR
modeling process mainly relies on the quality of biological data and the effective selection of
descriptors or variables. Implementing QSAR models relies on their statistical significance and

ability to predict [77].

In order to validate and accept the QSAR/QSPR models, the Organization for Economic
Co-operation and Development (OECD) has adopted five guidelines, which encompass the
following criteria [78,79]:
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ii.

1il.

a defined endpoint: The endpoint (activity/property) must be reliable and follow a
stated experimental process.

an unambiguous algorithm: The model must be based on an algorithm transparency
that predicts an endpoint from information on chemical structure and/or
physicochemical properties.

a defined domain of applicability: Confident predictions from QSAR/QSPR models
can only be made within a certain set of conditions, called the applicability domain,
which defines the limits and scope of the model.

appropriate measures of goodness-of-fit, robustness, and predictivity: This concept
expresses the importance of statistical validation for model accuracy, encompassing
both internal validation for the training set (fit and robustness) and external validation
for the test set (predictability).

a mechanistic interpretation, if possible: to ensure the potential mechanistic
association between model descriptors and predicted endpoints, and to ensure that this

relationship is recorded.

These guidelines are now called the OECD principles for the validation of QSARSs. Thus,

several groups of researchers have expressed strong interest in developing more appropriate

validation measures for developing accurate and predictive QSAR models [79].

1.2.4 Multiple linear regression

Due to its simplicity of use and ease of interpretation, multiple linear regression MLR is

one of the most commonly used modeling methods in the development of predictive models.

The MLR method is based on the hypothesis that the property (V) is linearly influenced

by the different variables (the descriptors). The mathematical definition of this approach is

given by equation (1.7).

Y:bO+Z§V=1Xibi |7

Where,

Y : is the dependent variable
X; : represents the explanatory variable (descriptors)
b; : represents the coefficient of those descriptors

by : is the intercept of the equation.
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The degree of impact of the corresponding molecular descriptors on the target
activity/property is indicated by the size of these coefficients. A positive coefficient suggests a
positive contribution of the molecular descriptor corresponding to the target, while a negative
coefficient indicates a negative contribution.

1.2.5 Partial least square

Partial least squares (PLS) regression is an extension of multiple linear regression. It can
be used when the number of descriptors is high and they are highly correlated [80,81]. This
process combines the principles of Principal Component Analysis (PCA) and multilinear
regression. The method makes it possible to determine, through a linear transformation, the
axes that best reflect the data in space. To put it another way, this approach will make it possible
to determine the axes that best explain the dispersion of the cloud of points. In the case where
the data is represented according to n descriptors, PLS will therefore make it possible to find a
maximum of n axes classified according to the variance they express. This involves substituting
a matrix of predictive data X, which includes n rows and m columns, with a new matrix derived
from k much weaker than m. The columns of the T matrix must also be linear combinations of

the original variables. In matrix terms, the relationship is represented by Eq 1.8 [68].
T =XW 1.8

Where,
W (m * k) is the matrix of coefficients defining the linear combinations;

T is the new matrix whose columns form “artificial variables”, obtained by a linear

combination of the original variables;
After this transformation, multiple linear regression is applied on the table T instead of X.
1.2.6 Artificial neural network

Artificial neural networks (ANN) are the most advanced technology in the last two
decades, which has been widely employed in many applications in different fields [82,83].
ANNSs are computer programs based on parallel information processing methods that attempt
to simulate some aspects of the functioning of the human brain, notably learning, storage of

empirical knowledge, and making it available for use.
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1.2.6.1 Biological neuron Vs. Artificial neuron

The notion of artificial neural networks was developed based on the way biological
neurons process information. This concept is used to create massively parallel process
simulation software that involves processing elements linked in a network architecture. Three
major functional components of a biological neuron are its dendrites, cell body, and axon
(Figure 1.18).

Dendrite

i
#F‘%
y 4

Synapse

Figure 1.18. Diagram of a biological neuron [84].

The cell body or soma has a nucleus which is the information processing center. the
branching of the cell body forms the dendrites. Through the dendrites, information is
transmitted from the outside to the soma, the body of the neuron. The information processed
by the neuron travels along the (single) axon to be transmitted to other neurons. The synapse
is the connection between two neurons [85]. The flow of information between two biological
neurons is influenced by varying synaptic resistance. Dendrites collect, via synapses,
electrochemical signals or action potentials coming from other cells or the outside, then transfer
them to the cell body or soma. In addition to its role in cellular metabolism, the soma groups

and concentrates information, making it a so-called “spatiotemporal” summation [86].

In Figure 1.19, the artificial neuron receives inputs identical to the electrochemical pulses
that the dendrites of biological neurons receive from other neurons. It is therefore a
mathematical model that tries to translate the structure and function of biological brain

networks.

This model comprises three simple sets of rules: multiplication, summation, and activation.
The inputs to the artificial neuron are weighted, which implies that each input value is

multiplied by its specific weight. The sum function in the middle of an artificial neural network
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sums all weighted inputs and biases. At the exit of the artificial neuron, the total of previously

weighted inputs and bias passes via the activation function, also known as the transfer function.

Information flow 1 2

- | Output

: Input m —-— x Wm

i Multiplication ! Sum Transfer function

Figure 1.19. The basic operation of an artificial neuron [83].

Despite the ordinary appearance of the basic operation and set of rules of artificial neurons,
the models' full potential and computing power become apparent when they are interconnected
into ANNSs (Figure 1.20). These ANNs simply make use of the notion that complexity may

evolve from a few simple, fundamental rules [83].

\

~ Input1 |
Input 2 ) Output )

{ Input3 )

Hidden | Output !
Layer | Layer

i Input

Layer
. Single neuron

Figure 1.20. A simple example of an artificial neural network [83].

When observing Figure 1.20, it is essential to note that for the simpler mathematical

manipulation and description of ANN, neurons are individually grouped into couches. Each
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network contains an input layer, an output layer, and a variable number of hidden layers. A
neuron is associated with all the neurons of the next layer.

The relationship between the artificial neuron and the biological neuron is summarized in
Figure 1.21. We can see in this schematic description that each element of the artificial neuron

finds its inspiration from its biological nature.

Synapses

Inputs \ Dendrites

o —>\\\u S5t
C \ /_/v r
Cell body / \/

Transfert function
—

Figure 1.21. Designing biological and artificial neurons [87].

The mathematical explanation below demonstrates the advantage of the simplicity of the

artificial neuron model [83].
m
yU=F (Y, wilk) -x(k)+b) 19
Where,
x; (k) : is input value in discrete time k where i goes from 0 to m,
w; (k) : is weight value in discrete time k where i goes from 0 to m,
b : is bias,
F is a transfer function,
y(k) : is output value in discrete time k .

As seen by an artificial neuron model and its equation (Eq 1.9), The transfer function is the

main unknown in our model.
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1.2.6.2 Activation function

The transfer function converts input signals into output signals. It is crucial for artificial
neuron networks and any mathematical model as it determines their essential properties. The
transfer function is chosen as the basis for the artificial neuron problem, which must be solved
in most cases [83]. Unlike biological neurons whose state is binary, most transfer functions are
continuous, offering an infinity of possible values within the range [0, +1] or [-1, +1]. There
are many possible forms for the transfer function. Table 1.4 summarizes some transfer functions

used in the MATLAB® technical computing program.

Furthermore, since current optimization algorithms require the continuity and
differentiability of activation functions at all points, the common activation functions that meet
these requirements are the linear function, the hyperbolic tangent function, and the logarithmic
sigmoid function. Linear functions are more suitable for output neurons, while sigmoid

functions are more suited for hidden layer neurons [86]

Table 1.4 Common transfer functions [86].

Function name Input/output Graph of the Corresponding
relationship function MATLAB
function
a=0ifn<0 e p—
Step (threshold) — hardlim
a=1ifn>0 -
Symmetrical a=-1ifn<0 =
: > hardlims
threshold a=1i1fn>0 D

. a=n
Linear purelin
a
logarithmic 1 et i
a= e logsig
sigmoid 1+e™ 0
-1
hyperbolic et _o-n et -
a=—0 04 n tansig
tangent etfM+em™ 1
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1.2.6.3 The concept of a feed-forward neuron network

Feed-forward Artificial Neural Networks are non-recurrent networks in which signals
must only flow from input to output in one direction [83]. The artificial neural are arranged in
layers (Figure 1.22), where the input layer receives input signals (u;) from the real world and
each successive layer receives the weighted outputs (w;; ;) of the previous layer as its input
thus resulting in a feedforward type ANN (case of multilayer perceptrons), in which each output
of a layer is fed forward to the succeeding layer where it is processed. The outputs of the last

layer constitute the outputs of the real world [86].

Input layer with n Hidden layer with output layer with I

neurons and n inputs m neurons neurons et I outputs

Figure 1.22. A multilayer feed-forward neural network structure [88].

In such a feedforward type ANN, a neuron, whether in a hidden layer or an output layer, has

two tasks:

e adds the bias to the weighted inputs of several connections, and then an activation
function is applied to this sum, as given in equation I.10 (for neuron j in the hidden

layer of Figure 1.22):
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z = f(Tleawfiw + byj) ;s J=1,2,...m 1.10

e The resulting value is propagated by the outgoing connections to the neurons of the
next layer, where it is subjected to the same process in equation I.11 (for example the

outputs of the hidden layer fed to neuron k of the output layer give the output ):
— m h . _
Vk _f0(2i=1wkaj+b0k) ’ k_lo 29 ceey I 1.11

The relationship between the output and the inputs of the ANN is obtained by combining
equations .10 and I.11 :

v, = fo(zyglw,’;j fh(Z?zle’i Ui +bpj) +box); k=12, ..,1 1.12

The number of input and output variables determines the number of neurons in the input
and output layers. Depending on the complexity of the problem, the modeler defines the
number of neurons in the hidden layer. The model is developed using a learning process where
an experimental dataset of independent variables is presented to the input layer of the network.
The outputs of the output layer include a prediction of the dependent variables. The network
learns the relationships between independent and dependent variables by iteratively comparing
the calculated outputs and experimental outputs and adjusting the weight matrix and bias vector
of each layer by a back-propagation training algorithm. Thus, the network develops a neural
model capable of predicting with acceptable precision the output variables included in the
domain of the training data. Therefore, the goal of neural modeling is to minimize the
prediction errors of the validation data set presented to the network at the end of the training

step.
1.2.6.4 Selection of an artificial neural network

The choice of a neural model for engineering issue modeling is a topic of debate due to its

art rather than science. Four aspects determine the effectiveness of ANN applications:

e Network type
e Network topology (number of hidden layers, and number of neurons per layer).
e Activation functions.

e Training algorithm.
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1.2.6.4.1 Neuron type

The forward-type neural networks having the universal function approximator
characteristic are MLPs and RBFs. Despite this common characteristic of these two types of

networks, they present a certain number of differences which are mainly:

e An RBF has only one hidden layer, while an MLP can have one or more hidden layers.

e For an MLP, the neurons of the hidden layers or the output layer have the same model,
while the neurons of the hidden layer of the RBF do not have the same model and in
addition, in terms of their functions of activation of neurons in the output layer.

e The hidden layer of an RBF is nonlinear and the output layer is linear while the hidden
layers and the output layer of an MLP are all nonlinear. However, in the case of

nonlinear regression, the output layer is preferably linear.

Given that it is a black box static modeling to approach a bounded and continuous function,
the best possible neural method is that of MLPs with a single hidden layer.

1.2.6.4.2 Selection of network structure

The variability in the number of neurons in the hidden layer has a significant impact on
the prediction ability of the network. The appropriate number of hidden neurons depends in a

complex way on:

e The number of neurons in the input and output layer.

e The size or dimension of the training sample.

e The amount of noise in the targets (network outputs).

e The complexity of the function or classification to be learned by the network.
e Network architecture.

e The type of activation function of the hidden neurons.

e The learning algorithm.

e Regularization.

In general, there is no rule for determining the appropriate number of hidden neurons
without having to train multiple networks and then evaluate the generalization error of each
network. Very few hidden neurons give too high learning errors and generalizations due to
underfitting. On the other hand, too many hidden neurons give a very low learning error but
too high generalization error due to overfitting.
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The simplest, most reasonable, and probably the most popular way to limit the training error is

the root mean square error minimization method.
1.2.6.4.3 Selection of activation functions

The activation function, also known as the neuronal transfer function, is the mathematical
function that is used at the output of each neuron. Again, there is no method to predict in

advance which function will give the best results.
1.2.6.4.4 Training algorithm

Learning is the procedure by which the values of the network's synaptic weights are
determined and establish the network structure. The performance of learning algorithms
depends on the modeled process, the training sample, and the learning mode. This explains that
the choice of algorithms, although of primordial importance, depends closely on the application
concerned and remains mainly experimental. Back-propagation algorithms offer the possibility
of using different training algorithms (function). They belong to one of the following five

classes:

e Descent of the gradient

e Descent of the conjugate gradients
e (Quasi-Newton

e Levenberg-Marquardt

e Regularization.
1.2.7 Adaptive Neuro-Fuzzy Inference System (ANFIS)

Adaptive Neuro-Fuzzy Inference System (ANFIS) combines fuzzy systems and neural
networks. In ANFIS, we use a neural network to select the parameters of the fuzzy system.

ANFIS mainly removes the necessity for manual optimization of the fuzzy system parameters.

System parameters are automatically adjusted using the neural network. For example,
Adjust the limits of membership functions, resulting in improved performance without operator

intervention.

The neuro-fuzzy system, which has the learning ability of neural networks and the benefits
of a rule-based fuzzy system, can enhance significant performance and provide a mechanism

for incorporating past observations into the process of classification or regression.
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In neural networks, training builds the system. However, with a neuro-fuzzy graph, the
system is constructed from fuzzy logic concepts and is further enhanced using neural network

training algorithms.

Fuzzy logic and neural networks are universal estimators. They can estimate any function
with approved accuracy if sufficient hidden neurons and fuzzy rules are available. For fuzzy
neural networks, backpropagation and gradient descent algorithms are used to adjust the
parameters of the membership functions (fuzzy sets) and the defuzzification weights (neural
networks). To update the parameters, ANFIS uses these two methods.

ANFIS is a FIS (Fuzzy Inference System) implemented within the framework of an
adaptive fuzzy neural network. In ANFIS, the knowledge representation of a FIS is associated

with the learning power of ANN.

ANFIS mainly aims to integrate the characteristics of fuzzy systems and neural networks.
Fuzzy has the advantage of prior knowledge in a set of constraints to limit the optimization
search space. To automate the parametric adjustment of fuzzy control, we use the neural

network to adapt back-propagation to a structured network.

The gradient descent algorithm is used by ANFIS to fine-tune the premise parameters that
determine the membership functions. ANFIS uses the least squares method to identify the

consequent parameters that describe the coefficients of each equation.

This approach combines the gradient descent algorithm and the least squares method,
known as the hybrid learning method. To ensure effective generalization to unseen data, the
size of the training data set must be at least equivalent to the number of adjustable parameters
in ANFIS [89].

The neurons in ANFIS have different structures:

e The Membership function is described by parameterized soft trapezoids (Generalized
Bell Functions).

e Functions are linear regressions and multiplication with w, that is, normalized weights
o, and Output (Algebraic Sum).

e The Normalization is by Sum and arithmetic division.

e The rules are differentiable T-norm usually product.
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1.2.7.1 Fuzzy system

Generally, "system™ refers to a set of components that interact with a well-defined and
organized structure as a complex whole that can be distinguished from the "external”
environment. A system communicates with the environment through what we call inputs and
outputs. Fuzzy systems are structures that use fuzzy techniques to process information, where
it is impossible or difficult to use classical set theory and binary logic. In the literature,
expressions like fuzzy system, fuzzy model, fuzzy rule-based system, fuzzy controller or fuzzy
associative memory are used, depending on the type of application. They are mainly
distinguished by the symbolic representation of knowledge in the form of fuzzy conditional
rules (if-then).

The fuzzy system has four main blocks (Figure 1.23): the fuzzifier, the fuzzy inference
engine, the knowledge base, and the defuzzifier. An entry for a flow system can be linguistic
values (defined by fuzzy sets) and crisp (numerical). When dealing with crisp data, the
inference process is preceded by fuzzification, which assigns the appropriate fuzzy set to the
nonfuzzy input. The appropriate method of approximate reasoning (inference engine) uses
expert knowledge to transform the values of the input variables into linguistic values of the
output variable. These values are represented by a set of fuzzy conditional rules (knowledge
base). In addition to linguistic values, numerical data may be required as the output of the fuzzy
system. In these situations, defuzzification techniques are employed, which assign the
representative crisp data to the resulting output fuzzy set.

Knowledge
base
Murmeric Murneric
inputs autput
L
Approximate
(fuzzy)
PEa SOMInGg

Fuzzy
inputs

Figure 1.23. Fuzzy system structure [90].

Fuzzy systems can be used in problems where the full mathematical description is not
accessible or where the use of the precise (non-fuzzy) model is uneconomical or very

impractical. Indeed, due to its ability to process inaccurate information, a fuzzy system is a
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very useful tool, particularly for control processes, system identification, decision-making

support, and the processing of signals and images [90].
1.2.7.2 ANFIS architecture

ANFIS is a neural network that focuses on the Takagi-Sugeno fuzzy inference system. It
is an artificial intelligence (Al) technique currently employed in hydrological phenomena. Jang
introduced ANFIS in 1993, based on the first-order Sugeno fuzzy model. ANFIS frequently
uses back-propagation or a combination of back-propagation and least squares estimation to
estimate the membership function (MFs) parameter. The integration of neural networks with
fuzzy systems mainly aims to exercise the learning ability of the neural network, while the
learning ability represents an advantage in terms of fuzzy systems. On the other hand, a

combined system has more advantages from a neural network perspective.

In ANFIS, a Takagi-Sugeno fuzzy inference system is employed, with each rule's output
being either a constant term or a linear mixture of input variables in addition to a constant. The

final result is the weighted average of each rule's outputs [91].

An adaptive network is a multi-layer feed-forward network. There are five layers in this
network. This network's input and output layers are the descriptors and response, respectively.
The hidden layer contains the node functions as the MFs and the rules, with each node
performing a specific function. In this system, the "square nodes" (adaptive nodes) have
parameters, while the "circle nodes" (fixed nodes) have no parameters (see Figure 1.24).
Consider a Sugeno fuzzy model with two inputs, x and y, and one output. A common rule set

with two fuzzy “if-then” rules is as follows [92]:
Rule 1: if x = A; and y = B4, then
fi=pix+tqy+mn 1.13

Rule 2: if x = A, and y = B,, then

fr=px+qy+n, .14

Where,
f : an output parameter (response)
p,q,and r : are linear parameters
A, and B : are nonlinear parameters.
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The equivalent ANFIS structure of the first order Takagi-Sugeno inference system is shown in
Figure 1.25 Consider a first order Takagi-Sugeno fuzzy model comprising a system of two

inputs, and one output (Figure 1.24).

Premise Consequent
parameters parameters
wi*f
ft
Xy
Layer 1 Layer 2 Layer 3 Lay:‘]: 1 Layer 5

Figure 1.24. ANFIS model architecture [93].

[L=Px +q,y +1,

fr=p.x+q,y +r,

! I

Premise Part Consequent Part

Figure 1.25. Schematic structure of the TSK fuzzy model [94].

The functioning of the five layers of the ANFIS system is summarized below.

Layer 1. Input nodes. Every node of this layer produces membership grades to which each of
the appropriate fuzzy sets belongs using membership functions. It’s "a square node" with a

node function.

{Oil = .uAi(x) 115
01‘1 = up;(y)
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Where,
i=1,2
x,y The inputs to node i

A; and B; is a fuzzy set associated with this node, characterized by the shape of the MFs
in this node, and can be any appropriate functions that are continuous and piecewise
differentiable such as Gaussian, generalized bell-shaped, trapezoidal shaped and triangular

shaped function.

Layer 2. rule nodes. The AND operator is used in the second layer to obtain an output that
matches the antecedent result for that rule, i.e. the firing force. firing strength refers to the
degrees where the antecedent part of a fuzzy rule is fulfilled and which shapes the output
function of the rule. The outputs O?of this layer are the products of the corresponding degrees

from the Layer.
Every node in this layer is identified as “a circular node” with a label IT (see Figure 1.24), which
allows the incoming signals to be multiplied and sends the product out. For example,

07 = w; = pAy(x) - uBy(y) .16

Layer 3. average nodes. in the third layer, each node is identified as "a circle node" with a label
N. The main objective is to determine the ratio of each rule's firing strength to the sum of all

rules' firing strength. Thus, the normalized firing force is taken as w;.

¢ owgtwy '

Layer 4. consequent nodes. The node function in this layer computes the contribution of the

i*" rule towards the model output, and the functions given as:
Of = wif; = wi(pix + qiy + 1) 1.18

Where,
w; The output of the layer 3
pi, q;, and r; The parameter set.

The parameter of this is referred to as consequent parameters. Each node is identified as "a

circle node" with a node function.

39



Chapter 1 Bibliography Element

Layer 5. Output nodes. The single node in this layer is "a circle node" with a label ¥ that

computes the overall output 07 as the summation of all incoming signals.

Xiwif;
2w

0; = overall output = Z wif; = 1.19
i

1.2.8 Support vector machine (SVM)

In the field of statistical learning, SVMs are currently a trendy topic. In the late 1990s, the
difficulty of generalizing and producing models using traditional neural network approaches
led to the development of SVMs. It was created by Vladimir Vapnik in 1995 and quickly gained

popularity due to its many attractive features [95].

SVMs are a supervised learning approach that comes with learning algorithms that analyze
a set of data. Initially, it was implemented as an approach to solving classification problems.
However, due to its multiple attractive properties, it has recently been extended to regression
analysis, called support vector regression (SVR). The regression version of SVM is the most

common type of application [95,96].

SVMs are a category of general linear classifiers. Differently, SVM is a classification and
regression prediction tool that uses machine learning theory to maximize prediction accuracy

while automatically avoiding overfitting data [66].

SVMs are systems that use a hypothesis space of linear functions in a high-dimensional
feature space. These systems are trained using a learning algorithm from optimization theory
that implements a learning bias derived from statistical learning theory. It is also employed in
a wide range of applications, including handwriting and facial analysis, as well as pattern

classification and regression-based applications [66].

The advantage of this method is more convenient and efficient than other methods during
training. This algorithm determines the optimal separation line for classifying data with a
higher safety margin. Vectors are used as a selection criterion in this method, and they are used
to determine the optimal data boundaries and categories. These vectors are known as Support
Vectors [97].

1.2.8.1 Fundamental Concepts of Statistical Learning Theory

Statistical learning theory is a framework for machine learning that combines statistics and

functional analysis. The objective of statistical learning is to determine the fittest function
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f that represents the systematic information of the response from its predictors, which can be

utilized for prediction and inference.

To estimate this unknown function, the method employed in statistical learning is called
training data, which comes from the use that trains our algorithm how to predict f. Every point
in the training data is an input-output pair, with the input mapping the output. The statistical
learning issue entails inferring the function that maps between the input and the output, so the

learned function may be used to predict output from future input.

Statistical learning theory is commonly utilized for regression modeling and data
categorization. In regression, responses are quantitative values with a continuous range of
values, but in classification, responses are qualitative values with discrete labels. The technique
for finding the function f in statistical learning differs in many areas, such as the choice of loss

function, However, there are some similarities.
1.2.8.2 Support vector regression (SVR)

SVR, an extended version of SVM, has become an essential computational tool due to its
effective use in regression and prediction issues. SVR is designed to predict regression

functions and relies on non-linear implicit data conversion into a larger feature space.

The essential principles of SVR are summarized here by considering a regression function
F which is estimated based on the training data in the form {(x;,y;) i =1,2,...n}, where x;,
and y; are the input and output sets respectively, and n is the overall number of the dataset.

SVR uses regression function to predict target values according to Eq 1.20 [96] .
F=wlp(x)+b 1.20

Where,
F : is the predicted output
w : 1s the weight vector
b : is the bias
@(x) : is the high-dimensional input vector.

Flatness in Eq 1.20 involves finding a small w. Thus, it is necessary to reduce the Euclidean
norm, i.e. ||w||?. The coefficients w and b were calculated by reducing the risk function, as

mentioned below.
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R(F) =3 lll? + €33 Lo 1.21

Where,

0, ifly; —Fij| <e

Le(yy Fy) = {l)’i —F|-¢ otherwise 2

The penalty parameter C is used to identify the trade-off between function complexity and
losses. As shown in Figure 1.26, € is the loss function which corresponds to the range between
the true values and the regression function. This range can be interpreted as a tube around the
regression function. Every point outside the tube is considered a training error. Le(yi, Fi) is
known as the insensitive loss function €. It is possible to modify equation (I.21) into the

following constrained form.

minimize - [lw|1? + € X7 (& + &) .23

w-p(xX)+b—y; <e+§
Subjecttoy; — (w - @(x) +b) < e+ ¢ 124
§,67=20, i=12,..,n

Where,

¢ and &*are two positive slack variables, which assume nonzero values on the exterior

of the e-tube and zero inside (Figure 1.26).
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X

Figure 1.26. Regression with the e-insensitive tube [96].

We can more easily solve the optimization problem of (Eq [.23) in its dual formulation.
Thus, a classical dualization method was employed using Lagrangian multipliers. Using

Lagrangian multipliers, this problem can be expressed as follows in the dual formulation:

minimize {~357;_. (a: })(a; ;) (000 - 0(x)))~¢ a2, vilar a) } 1.25

Yici(a;—ai) =0
Subjecttos 0<a; <C i=1,2,..,n 1.26
0<a/<C i=12.,n

Where,
@;, a;: are nonlinear Lagrangian multipliers.

The SVR function can be obtained by solving the dual maximization problem in Eq 1.25 as

follows:

Feuanal) = ). (@@= aD (@0 - 903) + b 127

The vector inner-product (¢ (x;) - ¢ (x;))represents the mapping function from the input
space to feature space, and it can be replaced by a kernel function K (x;, x;). Hence, Equation

1.27 becomes:

n
F(x,a;a;) = Z (a; —a))K(x;,x;)) + b 1.28
i_
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1.2.8.3 Kernal function

The fundamental principle behind nonlinear SVMs is to create a separating hyperplane in
the input space with the greatest margin and transfer training data into a higher dimensional
feature space using some mapping ¢ (x). The linear decision function in the feature space
correlates to a non-linear decision border in the original input space, as Figure 1.27 illustrates.
Without explicitly performing the mapping into feature space, the separating hyperplane may
be computed by using a kernel function, K (x;, x;)= (¢(x;) - ¢(x;)). For a kernel function to
match a feature space, it needs to be symmetric, meaning that K (x;, x;)= K (x;, x;). Typically,
kernels need to satisfy Mercer’s Theorem, which states that the kernel matrix K =

(K (x;, xj))}fj:l must be positive semi-definite,i.e. it has no non-negative eigenvalues.

Figure 1.27. Effect of kernel transformation [98].

The data is not linearly separable in the input space (a), and the data can only be separated
by a non-linear surface (b). This non-linear surface in the input space corresponds to a linear

surface in kernel-mapped feature space [98].
Common selections for kernels are:
e Linear Kernel: K (x;, x;)= ¢ (x;) - ¢ (x;)
e Polynomial Kernel: K(xi,xj) = (xx; + 1)4
e Radial Basis Kernel Function (RBF): K (x;,x;) = el /20%)

Since there is no explicit mapping to the feature space that each kernel belongs to, it is possible

to efficiently find optimum linear separators in feature spaces with millions of dimensions [98].
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1.2.9 Dragonfly Optimization Technique

Mirjalili proposed the Dragonfly Optimization (DFO) algorithm, an effective method for
optimizing swarm intelligence. It is inspired by the action of dragonflies in nature. Dragonflies
are carnivores that capture and eat a wide variety of small insects, from gnats and mosquitoes
to wasps and butterflies. Dragonfly swarms are, in general, both active and immobile in the
natural environment. Dynamic swarms, also called migratory swarms, consist of large groups
(hundreds of thousands of dragonflies) and move in a single direction over long distances, as
shown in Figure 1.28. During static swarms, where dragonflies hunt their prey, they fly in small

groups, often over a small specific area and much closer to land, as shown in Figure .29 [96].
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Figure 1.28. Dynamic dragonfly swarms.
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Figure 1.29. Static dragonfly swarms.

The instinct of each individual in the swarm requires attracting food sources and deflecting

external enemies. The MPO algorithm was inspired by these two behaviors. Figure 1.30
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illustrates the updating of the position of each individual in the swarm and explains it

mathematically as follows [96].

Seperation Alignment Cohesion
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Figure 1.30. Primitive corrective patterns between individuals in a swarm.

Separation (S) This step aims to avoid individuals colliding with their neighbors in the static

swarm. The equation below expresses this separation.

n
S; = X—X; 1.29
j=1

Where,
X and X; are the positions of the current individual
jt" neighboring individual
n is the number of neighboring individuals.

Alignment (A) The purpose of this step is to match the velocity of any individual to the other.
The alignment is determined by:

n
2j=1Y;

n

A = X .30
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Where,
V; is the velocity of neighboring individual j.
Cohesion (C) is the movement of individuals to the center of the swarm's group.

_ XX
n

A; X .31

Attraction towards the food (F) all individuals tend to move towards the food.
FF=X"-X 1.32

Where,
X7 shows the position of the food source

Distraction outwards an enemy (E) is computed as follows:
E;=X—X 1.33

Where,
X~ shows the position of the enemy.
The location of each dragonfly is updated using the step vector AX, obtained as follows.

AX; = (sS; + aA; + cC; + fF; + eE;) + wAX, .34

Where,
s,a, and c represent, respectively, the separation, alignment, and cohesion weights,
f and e : are the food and the enemy factors, respectively,
w : is the inertia weight,
t : is the iteration counter.

The updated position vector is computed as follows:
Xt+1 =Xt +AXt+1 |35

When no neighboring solutions are identified, dragonflies use a random walk, also known as
Lévy flying, to improve their exploration and randomization. Dragonflies update their positions

using the equation below.
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Xt+1 = Xt + LéVy (d) : Xt |.36

Where,
t : is the current iteration

d : is the dimension of the search space. Levy flight is given by:

, o
Levy(X) =0.01- T .37
|7, |P

Where,
71 and 1, : are the random numbers in the range of [0,1]
p : is a constant,

o : is given by

_ (r(1 + B) - sin(®%) >F 38
resh - 62059
where,
rx) =X -1)! 1.39

More information may be found in [99].
1.2.10 Random forest regression

Random forest is an ensemble learning approach that generates many regression tree
models in training samples. Random forest is generally used in two tasks: for classification and
for regression, which Breiman and Cutler introduced [100]. For regression problems,
prediction is performed using the average of all decision tree outputs, where the outcome
variable is a real-valued number. A random forest fits the regression model using samples of
independent variables [101,102]. Figure 1.31 shows the framework for predicting with RF

regression.
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Figure 1.31. Illustration of random forest regression.

The random forest regression model is an extension of the CART method. It entails
creating numerous uncorrelated decision trees, each with a randomly chosen subset of
predictors. The ensemble approach combines these decision trees via a technique known as
'bagging’ or bootstrap aggregation. Bagging decreases the variation associated with prediction
while improving performance. RF can be created by randomly sampling a feature or training

data subset for each decision tree, often known as 'bootstrap'.

There are two possible training parameters for RF: the number of trees (n:-.) and the
number of random features for each split (m,,) in the forest. The more trees grow the more
robust and accurate the forecast will be. However, more trees might raise the computational
burden. The generalization error converges as the number of trees rises, implying that estimate
accuracy cannot be enhanced beyond a certain point. The default value, n:...= 500, is
commonly used for prediction. m,,,, is a sensitive parameter that determines model strength
and defines the strength of each tree as well as the correlation between any two trees in the
forest. increasing m,,,, may enhance the strength of each tree while increasing the correlation
between trees might weaken it. The default value for m,,.,, one-third of the number of predictor

variables is frequently a good choice [101].

The bootstrap sample used during tree growth is a random selection with the replacement

of molecules in the dataset. molecules that are not used for tree growth are called “out-of-bag
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samples.” Each tree provides a prediction for its out-of-bag sample, and averaging these results

across all trees provides an in-situ cross-validation called “out-of-bag validation.”

Random Forest has a mechanism for assessing the relevance of descriptors in the model.
When each descriptor is replaced in turn by random noise, the resulting degradation in model
quality is determined by descriptor significance. The change in mean-squared error during out-

of-bag validation can be used to determine model quality degradation [100].
More information may be found in [103,104].
1.3 Critical review on prediction of surfactant properties

1.3.1 Introduction

The development of fundamental and applied research has grown exponentially,
highlighting the importance of surfactants for science, with their multiple potential applications
in the fields of chemistry, biology, physics, etc. According to a search using the terms
"surfactant" and "formulation" in the abstract and title of the papers in the databases
Dimensions and Scopus, there are now between 12,000 and 17,000 publications on the topic.
However, since the end of the 1970s, as seen in Figure 1.32, there has been an exponential rise
in the amount of research conducted in the sector, leading to numerous advancements in both

academia and industry [105].

1200 -
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Number of publications
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Figure 1.32. Number of publications per year with the keywords “surfactant” and
“formulation” during the period 1960-2021 [105].
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Furthermore, using the VoSViewer text analytics module, a concept map was created for
keywords that appeared at least 160 times; the result is shown in Figure 1.33. It shows the
connections between three study areas that are categorized into surfactant properties (green),
macro- to nano- and micro-emulsions properties (yellow), and formulation systems (blue)
[105].

nanoparticle

particle size

zeta potential

optimized formulation

polgmer
drug delivery system stabilxty
solubility
conceftration interdction
property
co surfactant  nanoemulsion
droplet size SOMIOH
viscosity
oil phase emulsion
nonionic surfactant
temperature
microemulsion mixfure

water
VOSviewer

Figure 1.33. Concept map of publications related to the keyword search “surfactant” and

“formulation” [105].

After presenting the different characteristics of surfactants, as well as their applications, this
part will deal with a critical review of the literature concerning methods for predicting certain

physicochemical properties of surfactants.

1.3.2 Ciritical review on CMC of surfactants

For about 40 years, the challenge of theoretically determining the CMC has begun. First,
an attempt was made by Rosen [106], who suggested an equation with two terms. Becher [107]
published an equation with three terms in 1984. Finally, Ravey et al. [108] suggested adding a
nonlinear element to enhance Becher's equation (see Eq 1.40).
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logCMC = A + Bn+ Cm + Dnm 1.40

where n denotes the number of carbon atoms, m the ethylene oxide number, A = 1.77, B =

—0.52, € =0.032, and D = 0.002.

During the past decades, there has been a significant increase in the number of published
QSPR studies, mainly due to the evolution of computing power and the development of

powerful statistical approaches and software.

Huibers and colleagues [109,110] presented the first QSPR models for predicting CMC
using the CODESSA program, which developed equations for nonionic and anionic
surfactants. Using the multiple linear regression (MLR) technique, both of these QSPR models
were produced over a collection of descriptors derived from the molecular topology and

constitution.

In 1996, a dataset of 77 samples was chosen for nonionic surfactants, and classified into
seven groups according to the characteristics of their hydrophobic and hydrophilic moieties
[109]. The best representation obtained includes three descriptors with a coefficient of R?=
0.98, using topological descriptors calculated for the hydrophobic fragment of the surfactant
molecule. The size of the hydrophobic group, the size of the hydrophilic group, and the

structural complexity of the hydrophobic group are the three contributing descriptors.

Regarding anionic surfactants, a dataset of 119 samples was selected, including sodium
alkyl sulfates and sodium sulfonates, which have different hydrophobic and hydrophilic
structures [110]. Equation (1.41) presented the best model involving three features with a

correlation coefficient of R = 0.940.

log,,CMC = (1.89 + 0.11) — (0.314 + 0.010)¢t-sum-KHO
— (0.034 + 0.003)TDIP — (1.45 + 0.18)h-sum-RNC 1.41

R? = 0.940,F = 597,52 = 0.0472,n = 119

Using three descriptors for a subset of 68 structures (see equation 1.42), very good correlations

were obtained (R’ = 0.988), with structural variation only in the hydrophobic domain.
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10g1oCMC = (2.42 4 0.07) — (0.537 + 0.009)KH1 — (0.019 + 0.002)KS3
+(0.096 + 0.005)HGP |42

R? = 0.988,F = 1691,s% = 0.0068,n = 68

In these regressions, one can conclude that CMC is mainly influenced by the size (volume or
surface area) of the hydrophobic domain, and to a lesser extent, by the structural complexity of

the surfactant molecule.

Jalali-Heravi and Konouz (2000) [111] utilized MLR to predict the CMC of 31 anionic
surfactants from the alkyl sulfate and alkanesulfonate categories. They selected the two best
equations and found that they were capable of predicting the CMC based on the statistics of
these models and cross-validation results. The models included the Wiener number, the
reciprocal of the dipole moment, and the reciprocal of the Randic index. Results showed that
topological characteristics, such as compactness and branching, significantly influence micelle
formation. The polarity of molecules also played a role, but its effect is less than that of the

topology of the surfactants.

Apart from the work of Anoune et al in 2002 [112], the QSPR models intended for CMC
prediction were trained on 49 compounds from specific families which are: anionic, cationic,
nonionic, and zwitterionic surfactants, among them 30 derived from a-hydroxy acids or
gluconolactone synthesized and characterized in the laboratory. They used principal
component analysis (PCA) to compare the behavior of the synthesized surfactants to
commercial ones that are used as detergents. They found that gluconolactone derivatives
exhibited the same activity as those observed for glucopyranoside derivatives. The researchers
used partial least squares regression (PLS) to generate regression models. The best model has

seven descriptors with a relative standard deviation (RSD) of 0.49 and R? = 0.90.

Yuan et al. (2002) [113] proposed a QSPR approach based on the MLR model to predict
the CMC of anionic surfactant in aqueous solution. They used conformational, electronic,
spatial, and thermodynamic properties as descriptors, including the octanol/water partition
coefficient, the total area, and the dipole moments of the surfactant molecules to build the
model. Four-parameter structure-property relationship between log CMC and descriptors,
which was developed for a set of 37 anionic surfactants from sodium alkyl sulfate (r? = 0.996,

F-test = 1838.773), can be utilized to estimate the CMC of anionic surfactants.
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It is known that the dissolution of a surfactant in water and the formation of micelles are
exothermic processes that result from the decrease in free energy in the system and that the
energy change is mainly caused by the interactions between the surfactant molecules and the
water molecules [1]. The study by Wang et al. in 2002 [114] was carried out to develop a QSPR
model to predict the CMC of 39 nonionic surfactants in an aqueous solution. The regression
model includes three descriptors including a topological descriptor (the Kier and Hall index of
zero order of the hydrophobic segment KH0) and two quantum chemicals (the heat of formation
AHy and the dipole moment D). The estimated QSPR between the descriptors and the

logarithm of the CMC gave multiple coefficients of determination: 2 = 0.994, for both 29

linear alkyl ethoxylates and 10 alkyl phenyl polyethylene oxides, and 72 = 0.996 for only the
linear alkyl ethoxylates.

In the same year, wang et al. [115] established a new QSPR model for a dataset of 40
anionic surfactants. The best-regressed model includes six descriptors: the kier & hall
molecular connectivity index of zero-th order KH(, molar heat of formation AHy, the total
energy of molecule E, the energy of the highest occupied molecular orbital Ey o0, the energy

of the lowest unoccupied molecular orbital E; 0, and the molecular dipole moment D.

IgCMC = 0.546 — 0.269KHO — 0.0037AH; + 0.000224E + 0.382Ey0m0
.43
+ 0.493E, 0 — 0.0134D

The lg CMC, with the descriptors defined in equation 1.43, provides a high coefficient of
multiple determination of up to 0.9778.

A year later, Wang et al. [116] conducted a further study to derive a QSPR for 77 nonionic
surfactants belonging to eight series. Based on their findings, the optimal model included four
quantum chemical descriptors (AHy, D, Eyomo and Epyuo), and two constitutional descriptors
(the molecular weight of surfactant (M) and the number of oxygen and nitrogen atoms (nyy)),
and one topological descriptor (KHO0). The general QSPR between 1gCMC and descriptors

yielded a relevant coefficient of multiple determination of R? = 0.986.

In 2003, Jalali-Heravi and Konouz [117] utilized MLR to predict the CMC of cationic
surfactants from the alkyltrimethylammonium (22 compounds) and alkylpyridinium salts (8
compounds) categories. They selected the two best equations and found that they were capable
of predicting the CMC based on the statistics of these models and cross-validation results. The

study reveals that geometric characteristics like the volume of the tail of the molecule, the
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maximum distance between the atoms, and surface area significantly influence micelle
formation in alkyltrimethylammonium salts. However, the simultaneous modeling of both salts'
CMCs highlights the importance of Balaban and Randic indices and the electronic parameter
of total energy.

Robert (2004) [118] used two methods, the linear Abraham free energy relationship, and
the modified polar surface area approach, to develop models for critical micelle concentration
(CMC) of anionic and nonionic surfactants. Both methods show predictive accuracy with
R?values around 0.90. In addition, a model based on the combination of these two sets was
created to determine the CMC of the data set. Both methods show similar regression
coefficients, with size being the most important factor affecting the CMC of the molecule.
Strongly acidic H-bond surfactants form micelles at lower concentrations, and increasing H-
bond basicity raises the CMC.

The work of Li et al. (2004) [119] aimed to optimize the geometries of the hydrophobic
and hydrophilic sectors of 98 anionic surfactants, calculated by ab initio RHF/6-31G(d) for
obtained quantum chemical data, such as the density of charge, molecular orbital energy and
the pole at two moments. Anionic surfactants used include sodium alkyl sulfates, sodium alkyl
sulfonates, sodium alkyl benzene sulfonates and potassium alkyl carboxylates with a wide
range of hydrophobic structures. Based on one constitutional descriptor and two quantum
chemical descriptors, a QSPR model for the CMC of anionic surfactant was obtained using a
multiple linear regression technique. The correlation coefficient R? of 0.980 and cross-
validation correlation coefficient R2, of 0.978 indicate excellent power and stability for the
developed regression equation. The study found that the total number of atoms (Nr) in the
hydrophobic surfactant moiety, the dipole moment (u) of the surfactant moiety, and the
maximum net atomic charge on the C atom (Q;_qx) In the surfactant moiety, play a major
role in the model. Nine anionic surfactants were used to test the developed model, and the

calculated critical micelle concentration was consistent with the experimental model.

In 2004, Absalan et al. [120] carried out a study on a database of 94 Gemini surfactants to
predict their CMC. Two QSPR-type models based on Genetic-PLS and Genetic-MLR have
been developed. The results demonstrated that the MLR (9 chosen descriptors) and PLS (20
chosen descriptors) techniques were capable of perfectly modeling the relationship between
the CMC of Gemini surfactants and their topological descriptors. However, PLS regression
provides better results. A cross-validation method and response value prediction were used to

assess the stability and validity of the models. The best MLR and PLS models had an average

55



Chapter 1 Bibliography Element

relative prediction error of 2.94 and 0.36, respectively. Furthermore, the correlation coefficients

of these models were 0.979 and 0.985, respectively.

The study by Kardanpour and his co-authors [121] was carried out in 2005 on Gemini
surfactants to predict CMC. The model is QSPR type, based on a wavelet neural network
(WNN). Wavelet networks, which combine the wavelet theory and feed-forward neural
networks, utilize wavelets as the basis function to construct the networks. The database used
in this study consisted of 94 cationic Gemini surfactants. The number of inputs used to develop
this model was equal to twelve (12) molecular descriptors (seven topological, three WHIMs,
one geometrical, and one functional group descriptor). The model's performance was
investigated by the test set and the average absolute error was 0.105 for the test set, and the

WNN model was found to be superior to the MLR model.

Gad carried out a study in 2007 [122] on nonionic surfactants at room temperature to
develop a model capable of predicting their CMC. The QSPR type model was developed based
on seven (7) molecular descriptors which are molecular weight, hydrophobic-hydrophilic
fragments molecular weight ratio, polarizability, partition coefficient, hydration energy, Van
der Waal’s surface area, and dipole moment. Principal component analysis (PCA) and MLR
technique were performed to examine the relationship between the selected descriptor and the
CMC of nonionic surfactants. The linear relationship between the selected features and the
critical micelle concentration was modeled according to the best statistical results. The best
regression model has the coefficient of determination (R? = 0.988), statistical significance
(F=5 391.599), and standard errors (s? = 0.235). The study concluded that the obtained QSPR
model allows estimation of the CMC for nonionic surfactants using theoretically calculated
descriptors.

Katritzky and colleagues (2007) [123], exploited a data set comprising 181 different
anionic surfactants. They used Comprehensive Descriptors for Structural and Statistical
Analysis (CODESSA Pro) software to relate the logarithm of CMC to the molecular structure
of the surfactants. A fragment method was employed to create QSPR models, which showed
superior statistical characteristics and predictive ability. The results of the regression equations
provided insight into the structural properties of surfactants that impact CMC. According to the
researchers, the hydrophobic fragments expressed by the topological and geometric descriptors
represented the most obvious influence on the CMC. In contrast, the hydrophilic fragment is
represented by constitutional, geometric, and charge-related descriptors. Molecular descriptors

of significant importance in the selected QSPR models were topological, solvational, and
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charge-related descriptors, as the driving force of intermolecular interactions between anionic

surfactants and water.

In 2008, Katritzky et al. [124] published linear and nonlinear predictive models for 50
ammonium and quaternary pyridinium cationic surfactants. Multilinear models have been
developed for the first and second CMCs. Furthermore, a general ANN model was deduced for
the first CMC of the 50 cationic surfactants. The characteristics of these models are mainly
associated with the size and charge of the hydrophobic tail and the size of the head. The
multilinear model of the second CMC is more closely related to the hydrophobic domain of the
surfactant than that of the first CMC. Both linear and nonlinear models used for the first CMC

could provide valuable predictions on the CMC of structurally similar cationic surfactants.

Regarding a data collection containing 162 nonionic surfactants, Katritzky et al. (2008)
[37] created linear and nonlinear prediction models using MLR and ANN algorithms.
Descriptors in the derived models concern molecular shape and size as well as the presence of
heteroatoms involved in donor-acceptor and dipole-dipole interactions. Steric hindrance in the
hydrophobic region also plays an important role in micellization. The developed linear and
nonlinear QSPR models can be useful for predicting CMCs for broad classes of nonionic

surfactants.

A QSPR method based on the PLS model was presented by Stanton in 2008 [125] to
estimate the logCMC of a dataset including 150 anionic surfactants. The best representation
obtained includes five descriptors of type topological and yielded a very good fit to the
observed logCMC values with R? = 0.951, and QZ,, = 0.947.

Mozrzymas and Roszak (2010) [126] used the QSPR method to estimate the CMC of

nonionic surfactants. The relation was established for 23 nonionic surfactants using only

connectivity and valence connectivity indices with r = 0.99, and F-test = 1042.5.

A study by Guo and colleagues (2011) [127] combined statistical modeling and
experimental analysis to analyze the CMC and environmental risks of 120 structurally different
Gemini surfactants. The structural properties of the studied compounds were evaluated using
hundreds of constitutional, topological, geometric, and electrostatic descriptors. Then, the
variants for characterization were calibrated based on experimentally measured properties
using different regression techniques, such as MLR, PLS, SVM, RF, and GP. In addition, two
sophisticated variable selection methods were used, namely empirical heuristic strategy and

nonnumerical genetic algorithm. Of all the models developed, the most predictable model was
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developed based on the simplest combination of heuristic variable selection and MLR

modeling, with a predictive coefficient of determination (rpzred) and an average prediction error

(RMSP) on an independent external test set of 0.90 and 0.39 respectively. Subsequently, this
approach was employed to explain the structural elements that primarily influence the self-
assembly behavior of Gemini surfactant molecules in solution and to develop several new
Gemini surfactants that exhibit potentially high CMC activity and low risk in the environment.
Furthermore, these created substances were produced by quaternary ammonium reaction and
were analyzed using elemental analysis, '"H NMR, '3C NMR, and mass spectrometry. One
promising candidate demonstrated excellent CMC efficiency, reaching 0.83 mmol L' at a
temperature of 25 °C. This experimental value is quite consistent with the predicted model of

0.89 mmol L.

Using a new topological index, the extended distance matrix, Zhi-Chen and colleagues
(2012) [128] examined the application of the QSPR model to predict CMC for a diverse set of
175 surfactants. According to the research, the new model based on this topological index is
extremely effective and gives satisfactory results. The training set has a squared correlation
coefficient (R?) 0of 0.9295 and an average relative difference (ARD) of 8.20%, while the testing
set has a squared correlation coefficient of 0.9257 and an ARD of 6.76%. The results mean that
the developed model is of high quality.

In 2012, Roy and his co-authors [129] conducted a study on predicting logCMC values of
54 non-ionic surfactants using QSPR models with extended topochemical atom (ETA) indices.
ETA descriptors were developed by the authors and can be calculated from 2D chemical
structure representations without conformational analysis or alignment steps. Various
chemometric tools were used, like stepwise multiple linear regression (MLR), genetic function
approximation (GFA), and partial least squares (PLS). The final PLS models were found to be
well-validated internally, externally, and overall. The best ETA model showed reliable logCMC
values prediction, and the statistical quality was comparable to the non-ETA model. The use of
ETA descriptors improved the statistical quality of the models. ETA indices encode important
chemical information about topological attributes, electronegativity, molecular volume,
branching, shape parameters, and atom and bond nature. Therefore, ETA descriptors can be

used to model CMC values of non-ionic surfactants.

Roy et al (2012) [130], analyzed CMC data from a series of 35 cationic surfactants to
establish predictive models using different classes of descriptors (ETA and non-ETA). The

genetic function approximation technique was used to develop the models and verify their
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validity using different validation statistics. A comparison was made between the most efficient
model developed using the ETA descriptors and that obtained with the non-ETA variables. The
external predictive potential of the ETA model was higher than that of the non-ETA model,
with (R? = 0.904). According to the results, it was found that the ETA model was able to
effectively determine the CMC profile of the untested molecules. The association of the two
classes of descriptors made it possible to obtain a QSPR model which thus revealed an
improved external predictive potential. ETA descriptors represented the importance of
molecular size and their degree of unsaturation, while non-ETA descriptors represented the
influence of bond order and the number of fragments carrying hydrogen atoms attached to the
atoms. of carbon with variable hybridization. Thus, the addition of ETA descriptors made it
possible to improve the quality of the model by precisely identifying the essential molecular
fragments that contribute to their CMC profile, which allows it to be used exhaustively to

predict the properties of new cationic surfactants.

Also in 2012, Roy and co-workers [131] developed QSPR models to determine the
correlation between molecular structures and CMC of 37 anionic surfactants using extended
topochemical atomic (ETA) indices and calculated hydrophobicity descriptors. ETA models
were also compared to those developed with non-ETA topological descriptors and
hydrophobicity terms. Training and test compounds (n=28 and 9, respectively) were selected
using a principal component analysis (PCA) score plot. The best performing ETA model (Q% =
0.938; Rf,red = 0.923) could outperform models developed with non-ETA models (Q? =
0.910; Rlz,red = 0.885) and combined sets (ETA and non-ETA) of descriptors (Q% = 0.926;
R;red = 0.915) in terms of statistical quality and predictive capacity. It is found that the
presence of hydrophobicity plays a vital role in creating the CMC model of anionic surfactants,

while the branched character and electronic nature of surfactants also play a crucial role as

evidenced by various ETA parameters.

Based on the Marrero and Gani GC-method Mattei et al.(2013) [132] developed a group-
contribution (GC) property prediction model for estimating the critical micelle concentration
(CMC) of nonionic surfactants in water at 25°C. The model is based on a wide range of
nonionic surfactants with varying molecular structures. The Marrero and Gani GC-model
includes new third order groups based on these structures, assigning compounds with larger
correlation errors to more detailed molecular descriptions. The model uses 150 experimental
measurements covering various nonionic surfactants, including linear, branched, and phenyl

alkyl ethoxylates, alkanediols, alkyl mono and disaccharide ethers and esters, ethoxylated alkyl
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amines and amides, fluorinated linear ethoxylates and amides, polyglycerol esters, and
carbohydrate derivate ethers, esters, and thiols. The model consists of linear group
contributions, and the critical micelle concentration is estimated using the molecular structure
of the surfactant alone. This model provides accurate correlations and facilitates faster
application in computer-aided molecular design techniques, facilitating chemical process and

product design.

In 2016, Gaudin et al. [133] proposed new QSPR models for the CMC of 82 sugar-based
surfactants. They developed a series of QSPR models based on molecular descriptors of the
whole molecule and the hydrophobic and hydrophilic fragments. Statistical evaluation results
indicated that the best QSPR model including quantum chemical descriptors for the entire
molecular structure with a root mean square error (RMSE) of 0.32 (log) was evaluated on the
validation set of 27 molecules. Thus, a simpler and more efficient model with an RMSE of 0.36
(log) on the validation set was also found, including only constitution-based fragment

descriptors.

Baghban et al. (2018) [134] in their work demonstrate the ability of a least squares support
vector machine (LSSVM) based on the QSPR model to predict the CMC of sugar-based
surfactants. The model was trained and validated using a comprehensive database of 83 sugar-
based surfactants. The reliability and robustness of the model were evaluated using different
parameters, revealing significant predictive capabilities. Their developed model outperforms
previous models based on best multicollinearity regression (BMLR) and group contribution,
with a lower RMSE value of 0.023.

For the same dataset of the work of Baghban and Gaudin, Wang et al (2018) [135]
performed a multiple linear regression model to predict the CMC of sugar-based surfactants
using standard index descriptors. The statistical results showed that the developed model could
provide satisfactory predictive results with a squared correlation coefficient for the whole
dataset, training set, and test set of 0.9545, 0.9547, and 0.9699, respectively.

In 2019, Mozrzymas [136] examined the impact of head group configuration on the CMC
of cationic surfactants, primarily quaternary ammonium bromide salts with an alkyl tail. This
study was carried out using molecular connectivity indices and atomic partial charges based on
the QSRR approach. Two models were developed to analyze the impact of modifying the
structure of the head groups on the value of the CMC. The model that includes molecular

connectivity indices and localized charge on the central nitrogen atom has a broader descriptive
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capacity than the model that only includes topological indices. Current semi-empirical studies
of the charges of various quaternary ammonium salts reveal that the charges of the quaternary
ammonium head groups are essentially identical. However, one of the models obtained reveals
that the significant part of this charge, located on the central nitrogen atom, has an impact on

the value of the CMC.

Jiao et al. (2019) [137] proposed a QSPR study on the CMC of 120 Gemini surfactants
using the quantitative hologram structure-activity relationship (HQSAR) technique. Three
fragment parameters were used in the HQSAR model, fragment distinction, fragment size, and
fragment length. Two conventional validation techniques were employed to evaluate the
accuracy of the model predictions. The results showed that the HQSAR model is accurate to
study and preliminarily predict the CMC of Gemini surfactants with QZ;, concordance
correlation coefficient, root mean squared error, ;2 and Ar;2 of external test set validation is
0.9799, 0.9803, 0.1757, 0.9429 and 0.0100, respectively. The root mean squared error, 772 and
Ar2 of LOO-CV is 0.2734, 0.9296 and 0.0436, respectively. The study also demonstrated that
HQSAR is a promising approach to building a QSPR model related to the CMC of Gemini

surfactants.

Setiawan and co-authors [138] used a QSPR approach to correlate the logarithm of CMC
with the molecular structure of 231 diverse Gemini cationic surfactants. The QSPR models
were created using the Online Chemical Modeling Environment (OCHEM), which offers
various machine-learning methods and sets of molecular descriptors. Eight different software
packages were used to calculate the molecular descriptors, including Dragon v6, OEstate and
ALogPS, CDK, ISIDA Fragment, Chemaxon, Inductive Descriptor, SIRMS, and PyDescriptor.
A total of 64 QSPR models were generated, and one consensus model was developed by using
a simple average of 13 top-ranked individual models. Based on the statistical coefficient of
QSPR models, a consensus model was the best. The model provided the R? = 0.95, Q2 =
0.95, RMSE = 0.16, MAE = 0.11 for the training set and R? = 0.87, Q% = 0.87, RMSE =
0.35, MAE = 0.21 for the test set. Additionally, this model can be used to estimate the CMC of

new Gemini cationic surfactant compounds during their early stages of development.

Rahal and colleagues [139] carried out a study in 2020 aimed at predicting the CMC of
surfactants. To this end, three regression techniques were selected to create robust predictive
models, namely: multilayer perceptron—artificial neural network (MLP-ANN), multiple linear
regressions, and partial least squares approach, which are based on four molecular structural

descriptors. The data set used to develop these models includes 50 classical and extended
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anionic surfactants. Various statistical analysis parameters were used to evaluate the
performance of these models including MLP/ANN which demonstrates their superiority
compared to other models with (%2 = 0.87, Q2% = 0.93,Q%, = 0.95,Ar;2 = 0.15). the
architecture of this model {4.6.1}, trained with Broyden-Fletcher-Goldfarb-Shanno algorithm.
Also found that electronic characteristics, structure, and size of the molecule, as well as the
number of atoms in the longest aliphatic chain, play a vital role in creating a CMC model for

anionic surfactants.

Turchi et al. (2021) [140] presented a newly developed method, which used first-
principles-based surface tension calculations rooted in COSMO-RS theory, to predict the
critical micellar concentration of a range of nonionic, cationic, anionic, and zwitterionic
surfactants in water. This approach combines two prediction strategies to model two different
phenomena involving the removal of the hydrophobic tail of the surfactant from contact with
water. These strategies are based on micelle formation and thermodynamic phase separation of
surfactant from water, taking into account the various polarities of the hydrophilic head group.
The method provides accurate predictions of the critical micellar concentration within a
logarithmic unit for various types of surfactants and provides first-principles-based predictions

of formulation properties in more complex formulations.

The study by Qin et al. [141] (2021) demonstrates that graph convolutional neural
networks (GCNs) can predict chemically modified compounds (CMCs) directly from the
molecular structure of the surfactant. The GCN encodes the structure of the surfactant in a
molecular graph and is trained using CMC experimental data. GCN can predict CMCs with
higher accuracy than previous methods and can be generalized to anionic, cationic,
zwitterionic, and nonionic surfactants. The proposed model has a R? = 0.96 and an RMSE of
0.23 for the test set. Molecular saliency maps reveal how atom types and surface-active
molecular substructures contribute to CMCs, and indicate that this corresponds to the physical
rules that link constitutional and topological information to CMCs. The study also proposes
new surfactants without experimental CMCs, showing similar trends to molecular simulations.
This indicates that GCNs can enable high-throughput screening of surfactants with desired self-

assembly properties.

Abooali and Soleimani (2023) [142] examined the ability and feasibility of linear and non-
linear models to predict the CMC of anionic surfactants based on molecular descriptors and
external factors such as pH and temperature. To build and test the models, 488 data points

corresponding to the experimental CMC values from the literature for 111 sodium-based
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anionic surfactants, including sulfate types, sulfonate, benzene sulfonate, sulfosuccinate, and
polyoxyethylene sulfate. They found that the non-linear model called stochastic gradient
boosting trees (R? = 0.999) is more robust and reliable for predicting the CMC of these

surfactants.
1.3.3 Ciritical review on the surface tension of surfactants

Research on developing QSPR models to predict surfactants' interfacial tension (), has

been very limited.

Wang et al. [143-145] are the primary authors in this field. They built the first QSPR
model in 2002 using a database that included experimental values of surface tension in CMC
(y%), for 30 nonionic surfactants in an aqueous solution [143]. The model based on two
descriptors may be defined as follows:

y° =12.66 — 0.01529AHf + 0.6310KH0 + 0.0006576AH;KHO0 1.44

Where AH; and KHO represent the heat of formation, and Kier & Hall zeroeth-order index,
respectively. Equation (1.44) has a R? value of 0.9877, as reported by the authors.

Wang et al.(2003) [144] have also established QSPR models for 20 anionic surfactants
with different structures concerning their surface tension reduction effect expressed as surface
pressure (II) at different temperatures (T) and different counterion concentrations (C). This
effect is normally expressed as maximum surface pressure measured at CMC condition Ilcmc.
Besides C and T, the authors proposed 3 other descriptors which are the Kier & Hall index of
zero order, KHO, of the hydrophobic fragment, the molar heat of formation AHf, and the

molecular dipole moment D. Equation (I.45) shows the suggested model with five descriptors.

Meye = 27.71 — 0.005239AH; + 17.16C — 0.1520T — 0.2130D + 1.080KHO 1.45

The best QSPR between Ilcme with R?2 = 0.9844, F = 56.43, and s? = 0.0134.

Wang et al. [145] suggested a new model in 2005 utilizing the same database and new
descriptors, including a constitutional descriptor, the number of oxygen atoms of the
hydrophilic segment (NO); a topological descriptor, the Kier and Hall index of zero order
(KHO) of the hydrophobic segment; and a quantum chemical descriptor, the heat of formation
(AHf) of a mole of surfactant molecules. Equation (1.46) yielded statistical values of R? =

0.9942, F = 141.0, and s? = 0.5337.
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y® =11.63 + 0.6750N0 + 0.6857KH0 — 0.01261AH; — 0.1387NO KHO 1.46

Fini et al (2012) [146] used a quantitative approach to determine the relationship between
the structure of a surfactant compound and its effect on the interfacial tension of oil-water.
They developed a new database to measure the interfacial tension between the n-decane as an
oil model and various solutions of certain ionic compounds. Despite other reports, they selected
surfactant compounds using a scientific method that considered all structural information.
Twenty-four different compounds were selected by the principal component analysis technique
and their interfacial tensions were measured based on their CMC. Geometric optimization was
performed at B3LYP/6-311G**, and the best-suited descriptors were selected using the genetic
algorithm (GA-MLR). A predictive test was performed for an external prediction ensemble of
six compounds. The resulting GA-MLR model can reasonably predict interfacial tension using

only three selected descriptors, with a deviation of 7% between predicted and measured values.

In 2018, Gaudin et al. [147] proposed a novel QSPR model for estimating the surface
tension of sugar-based surfactants. The researchers employed a dataset of 70 ycmc for single
surfactants at ambient temperature. Descriptors of the overall structure, polar heads, and alkyl
chains of the 70 surfactants were determined and used in multilinear regressions to demonstrate
the most predictive and physically significant structure-property relationships. The best model,
based on quantum chemical descriptors, attained a standard error of 2.4 mN/m on external
validation. Simpler models were also developed based solely on the number of H atoms in the
polar head, with a prediction error of 2.9 mN/m. They also discovered that the size of the polar

head exhibit had a distinct influence on all generated models.
1.3.4 Critical review on HLB of surfactants

Since the late 1950s, the HLB of surfactants may be determined using Equation (1.47), the

Davies' group contribution approach [52]:
HLB = 7 +3 (hydrophilic group contribution) -3 (lipophilic group contribution) 1.47

where the last term is the sum of the group number multiplied by its related value. More
recently, exactly in 2006, an improvement of this equation was proposed by Guo et al. [148]
using the effective chain length (ECL) instead of the actual chain length of the straight alkyl
chain, polyoxyethylene (EO) chain, and polyoxypropylene (PO) chain. They used linear

equations for the effective chain length of straight alkyl chain and PO chain, and a Gamma
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probability density function (PDF) to describe the contribution of each EO group to HLB and
the effective chain length of the EO chain could be obtained by integrating Gamma PDF. The
group contribution was utilized to calculate HLB values for 224 nonionic surfactants.
Compared to experimental data, the average absolute error (AAE) is less than 1.5, significantly

lower than the AAE of 7.3 obtained with the Davies' equation.

In 2007, Chen et al. [149] proposed two high-performance QSPR models to predict HLB
values of anionic surfactants based on the quantum chemical. They used multiple linear
regression for the developed models. The first model contains 46 anionic surfactants for the
series of alkyl sulfates and alkyl sulfonates, with a correlation coefficient (R?) being 1.000. the
second model involved 73 structures including polyoxyethylene, acetate, propionate, and

fluorinated anionic surfactants, with R? of 0.993.

Gad's 2008 [150] study examined the relationship between molecular structure and HLB
of nonionic surfactants using the QSPR approach. Various descriptors having physical
significances on the behavior of surfactants in portioning between oil and water, such as the
number of oxygen per a nonionic surfactant molecular weight (); octanol/water partition
coefficient (log P), maximum surface area (I'), molar volume (Vwm), dipole moment (u), energy
of hydration (En) and molecular polarizability («), parachor (&), and others Wiener index (W),
Randic’s molecular connectivity index (R), Kier and Hall valence connectivity index (K & H),
average information content (AIC) were selected as inputs of developed model. The link
between the chosen descriptors and the HLB values of nonionic surfactants was investigated
using principal component analysis (PCA) and multiple linear regression (MLR). The PCA
findings illustrate the correlations between HLB and other factors. The linear association
between the specified descriptors and HLB was simulated based on the best statistical results.
The best model has a coefficient of determination (R?) of 0.9825, statistical significance (F =
1301), and standard errors (s? = 1.0521). The resulting QSPR model enables the estimation
of HLB for nonionic surfactants using theoretically computed descriptors.

Luan and co-authors [151] conducted a study in 2009 on the estimation of HLB for the
family of 73 anionic surfactants, including linear and branched alkylsulfate, linear
alkylsulfonate, alkyl benzenesulfonate, dodecyl polyoxy ethylene sulfate, alkyl acetate 2-
sulfonates, alkyl propinoate 3-sulfonate, linear alkyl acetate, fluorinated linear alkylsulfonate,
and fluorinated linear alkyl acetate. They applied a statistical learning method including
stepwise multiple linear regression and a machine learning method including a nonlinear radial

basis function neural network (RBFNN) artificial neural network to build the models. Four
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parameters were used as input for these models, which are: two quantum chemical descriptors
(NJ@* and NJU™) belong to the class of descriptors linked to the charge distribution, an
electrostatic descriptor (HDCA-2) represents the molecule's ability to give a hydrogen bond
and is calculated as the sum of the solvent accessible surface areas of the hydrogen atoms as
possible hydrogen donors, and a topological descriptor (IC0) defined based on Shan-non
information theory. The results showed that the RBFNN model accurately predicted HLB of
anionic surfactants with a quadratic correlation coefficient (R?)of 0.997 and root mean square
(RMS) error of 0.675 for the training set and R? = 0.991, RMS = 1.189 for the test set.

In the same year, Chen and his co-authors (2009) [152] used the quantitative structure-
property relationship (QSPR) method to investigate the relationship between the hydrophilic-
lipophilic balance (HLB) value and the chemical structure of nonionic surfactants derived from
ethoxylated alcohols and ethoxylated alkylphenols with the number of EO groups is less than
20. The best QSPR model found has only two basic descriptors. One is the zero order of the
Kier-Hall index (KHO0), while the other is the number of oxygen atoms in the hydrophilic group
(No). The correlation coefficient (R?) is 0.984. The resulting QSPR model has much greater

accuracy than the effective chain length technique.

The study by Beteringhe et al (2011) [153] correlated the HLB values of 14 commercial
nonionic emulsifiers with molecular descriptors using the CODESSA program. Due to their
high collinearity, they used PLS regression to create a QSPR model with high predictive power

(R? =0.908), incorporating orthogonal factors from linear combinations of original descriptors.

Wu et al (2021) [51] developed a quantitative structure-property relationship (QSPR)
model to predict the HLB values of 237 non-ionic surfactants using the norm descriptor
concept. The model showed good agreement with experimental values, with a squared
correlation coefficient (R?) of 0.9901 and an average absolute relative deviation (AARD) of
2.93% for the whole set. The R?and AARD of the training set and the testing set are 0.9901
(RZ.4in) and 0.9900 (RZ.;), 2.92 % and 3.47 %, respectively. Cross-validation, Y-randomized
test, mean absolute error test, and application domain analysis confirmed the model's accuracy,
robustness, and reliability. They noticed that the model's accuracy and stability were further

validated, indicating its suitability for describing the HLB values of non-ionic surfactants.
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1.3.5 Critical review on cloud point of nonionic surfactants and Krafft point of anionic

surfactants

An empirical relationship was established by Huibers and co-workers (1997) [154] to
predict the cloud point of pure nonionic alkyl ethoxy surfactants. Cloud points can be estimated
with an accuracy of 6.37 °C (median error 3.77 °C) for a set of 62 structures, consisting of
linear alkyl ethoxylates, branched alkyl, cyclic alkyl, and alkyl phenyl, using the logarithm of
the number of ethylene oxide residues as well as three topological descriptors which take into
consideration the variation of the hydrophobic domain. The most efficient regression with
R? =0.937 and s% = 42.3.

Biinz and colleagues (1998) [155] developed two models to predict the cloud point of a
database of 23 surfactants, including a method based on MLR and ANN. The prediction results
obtained by the MLR model were very satisfactory. Four descriptors were correlated with
excellent correlation: two topological descriptors and two constitutional descriptors of which
the squared correlation coefficient is 0.9948, with a mean square deviation of 2.75. The 20
surfactants have a median error of +1.2 K in the training set and +0.7 K in the three-member

prediction set.

In 1998, Heravi and Konouz [156] conducted a study to predict the Krafft Point of
surfactants. Linear models have been developed based on 32 linear alkyl sulfates and
sulfonates, sulfates, and sulfunates with an ether or ester bond to the hydrophobic tail. Two
equations were chosen from various models due to their satisfactory statistical results. The best
model is specified using four descriptors: the Randil index, the heat of formation, reciprocal
of the dipole moment, and reciprocal of the volume of tail of the molecule. These descriptors
play an essential role in predicting the Krafft point of anionic surfactants. The cross-validation
results and statistics of the best models demonstrate that both models are capable of predicting
the Krafft point of anionic surfactants. Several methods, including the Akaike Information
Criterion (AIC), were employed to select the most appropriate model. They conclude that the
electronic descriptors and topological features, including the compactness and branching of

anionic surfactants, influence the Krafft point of these molecules.

Yuan et al (2003) [157]established another model to estimate the cloud point for a set of
49 nonionic surfactants with their several structural, electronic, spatial, and thermodynamic

characteristics as descriptors. the best regression has five descriptors with an R? = 0.844.
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Ren et al. built the QSPR models in 2006 [158] to predict cloud points and study the
clouding phenomena of nonionic surfactants in aqueous solutions. Four descriptors were
selected by the heuristic method as inputs to MLR and SVR models. The SVM model
outperformed the MLR model in terms of prediction ability and adequacy. They provided a
predictive correlation coefficient (R) of 0.9882, an absolute average relative deviation of
9.5490, and a root mean square error of 4.2727 for the test set. The suggested models can
identify and provide some insight into what structural features are related to the cloud points
of compounds, such as the molecular size, structure, and isomerism of the hydrocarbon moiety

and the degree of oxyethylation.

The structure-property relationship of a series of pure nonionic surfactants containing
linear alkyl, cyclic alkyl, and phenyl alkyl ethoxylates was quantitatively analyzed by Ghasemi
and Ahmadi in 2007 [159]. The cloud point of these compounds was modeled using MLR and
PLS regression. They used a genetic algorithm (GA) as a method of variable selection in QSPR
analysis. According to the results, GA is a very effective variable selection method for QSPR
analysis. The analysis of the two regression methods used revealed that PLS has a higher
prediction capacity than MLR.

In 2011, Ren et al. [160] developed a new QSPR model specific to the cloud points of
nonionic surfactants, using CODESSA descriptors. With a GA method, four descriptors were
chosen in order to relate the structures of nonionic surfactants to their corresponding cloud
point values. PCA was also used to analyze the descriptors. Two non-linear models were
developed which are SVM and projection pursuit regression (PPR). The models were validated
in two different ways: internal cross-validation (CV) and test set. The results were analyzed by
taking into account the basic elements that affect the property studied and modeling it. In
addition, an external database of 16 nonionic surfactants was used to verify the generalization

capacity of the optimal model.

Gouetal. (2012) [161] conducted a study combining statistical modeling and experimental
analysis to investigate the cloud point of 82 nonionic surfactants. The study characterized the
compounds' structural profiles using the hydrophilic domain and the whole molecular.
Hundreds of descriptors were computed using the CODESSA program, and the resulting
variables were modeled using the Gaussian process (GP). Various regression techniques such
as MLR, PLS, SVM, and LSSVM were used to compare the GP with statistical analysis and
experimental properties. The most predictable model was constructed using the GP modeling

combination of heuristic variable selection related to the hydrophilic domain, with a predictive
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coefficient of determination (szred) and root-mean-square error of prediction (RMSP) of 0.962

and 5.200 for a test set, respectively. The model reveals that the cloud point phenomenon is a
comprehensive interaction of relative molecular weight, moments of inertia A, and topological

structure account for the hydrophilic part.

More recently, a prediction model for the Krafft point was created by
Chanachichalermwong et al. (2019) [162] using the Marrero and Gani Group Contribution
(GC) concept. The model's accuracy was enhanced by the analysis of literature data and the
proposal of a new third-order level. 53 anionic surfactants, comprising alkyl sulfonates, alkyl
benzene sulfonates, alkyl ethoxy sulfates, alkyl ester sulfonates, alkyl ester sulfates, alkyl
disulfates, alkyldiphenylether disulfonates, alkyl diester sulfonates, alkyl naphthalene
sulfonates, and fluorocarbon surfactants were collected along with their Krafft points. The
coefficients of the fractional groups in a surfactant molecule reveal the dependence of the Krafft
point on the internal structure. The GC model for the Krafft point created provides greater
accuracy with a simpler computation when compared to the more complex models, such as

those based on advanced statistical concepts.
1.3.6 Critical review on multi-property surfactants

An empirical relationship was established by Li et al. (2005) [163] for predicting the Krafft
point of anionic surfactants and the cloud point of nonionic surfactants using the QSPR
approach. Concerning the Krafft point, a six-parameter structure-property relationship (R? =
0.941) was obtained for a diverse set of 46 hydrocarbon anionic surfactants, as well as a three-
parameter relationship (R? = 0.864) for 19 linear fluorocarbon anionic surfactants, using
topological techniques, thermodynamic and structural descriptor techniques. The most
effective multiple linear regression model for the cloud point of 64 nonionic surfactants with
six representative structures was composed of five parameters and had a correlation coefficient
of R?2 = 0.921. Based on these relationships, the molecular structure of surfactants may be

used to predict their cloud point or Krafft point.

Based on the concept of norm index, Shi et al (2019) [164] proposed new norm descriptors
to describe the HLB and CMC of anionic surfactants, and two QSPR models were constructed
to calculate these two values. The results demonstrated that models using norm descriptors
could have a satisfactory prediction effect for the HLB and CMC of anionic surfactants, with
a R? 0f 0.9983 for HLB and a R? of 0.9130 for CMC. Several satisfactory validations have

proven that these models are stable, reliable, and have very high predictive capacity.
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Furthermore, for anionic surfactants without experimental values, the HLB for 19 anionic
surfactants and the CMC for 101 anionic surfactants were calculated using the proposed
models. According to the results, it was found that the norm index was adequate to assess HLB

and CMC.

A surface tension (SFT) data set of 154 model hydrocarbon surfactants at 20-30 °C was
fitted by Seddon and co-workers (2022) to the Szyszkowski equation to extract three
characteristic parameters: surface excess concentration (I',,); Langmuir constant (K;) and
CMC which are linked to a series of 2D and 3D molecular descriptors [165]. Ten descriptors
were chosen by eliminating co-correlation, using a gradient-boosted regression model to assess
feature importance, and performing recursive feature elimination (RFE). They used a cross-
validated randomized grid search to adjust the hyperparameters of each target variable model
to reduce overfitting and increase predictive accuracy. The study showed that ML models are

effective in predicting experimental data, with a correlation coefficient ranging from 0.69-0.87.

In 2024, Brozos et al. [166] built GNN models to predict the CMC and [',,,. They also
investigated several learning techniques, such as single- and multi-task learning, as well as
different training strategies, namely ensemble and transfer learning. They created CMC
database with 429 molecules and I, database with 164 molecules. They found that a multi-
task GNN with ensemble learning trained on all I',,, and CMC data achieves the best
performance. Thus, the results show that the simultaneous use of data from highly correlated
properties can improve the ability to predict surfactant properties for which only a small
amount of experimental data is available. Finally, they tested the ability of the developed CMC
model to generalize on industrial grade surfactants. GNN produces highly accurate predictions

of CMC, showing great potential for future industrial applications.
I.4 Conclusion

We have shown in the first part that surfactants play an important role in various areas of
daily life. Also, these have applications, depending on their structures and their

physicochemical properties.

The purpose of the second section is to provide an overview of some fundamental ideas
associated with the topic and the chosen modeling techniques. As described above, each
programming tool, approach, model, etc., has its power that is only apparent if it has been
utilized appropriately within its operational bounds. Additionally, each model may provide a

distinct set of outcomes based on the data that is used.
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In the third part, we provide a critical review of the literature on modeling tools to predict
surfactant properties. The abbreviation QSPR combines statistical methods useful for quickly
predicting the properties of surfactants. A series of models already exist for properties such as
CMC, surface tension, cloud point, Kraft point, and HLB, which have shown good predictive

accuracy when applied to an external set of amphiphiles.
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Chapter II Computational QSPR model to predict the CMC of classic and

extended sugar-based surfactants
II.1 Introduction

Surfactants are amphiphilic molecules, that is to say, composed of two parts: a polar head
that is hydrophilic and a hydrophobic alkyl chain, thus allowing them to adsorb at the
immiscible bulk phases interface and self-assemble, in the form of aggregates commonly called
micelles[1-3]. These properties make it possible to envisage a wide range of applications, such
as detergent, cosmetics, food processing, or even the pharmaceutical field [2,4]. Depending on
the nature of the hydrophilic head, four major surfactant groups can be dusted: anionic (with a
negative charge), cationic (with a positive charge), nonionic (uncharged), and amphoteric

(zwitterions carrying both positive and negative charges) [1].

Nonionic surfactants, such as sugar-based surfactants, have polar heads consisting of
carbohydrates[ 1] like glucose [5], maltose [6], or sucrose [7] and their derivatives. Sugar-based
surfactants have a green chemistry character as lower toxicity, are biocompatible, easily
biodegradable, and may thus be made from renewable resources [3,8,9]. Therefore, the
pharmaceutical and cosmetics sectors have more favorable profiles for using sugar-based

surfactants [3,10].

A fundamental characteristic of surfactants is their CMC, which is the concentration of
surfactants at which micelles begin to form in solution [3,11]. The polar heads always remain
in contact with the aqueous phase, whereas the alkyl chains are housed in the micellar core
during the formation of micelles to reduce the contact between the hydrophobic part and water
molecules [12,13]. Experimentalists observed, that the CMC of non-ionic surfactants is
affected by polar head size, alkyl chain size, and unsaturated or branched chains [2,13—15].
Currently, CMC can be determined using a variety of methods, the most common of which is
tensiometry, which involves plotting the surface tension of surfactants versus log concentration
value [1,16]. In silico prediction approaches like QSPR have an early estimation of CMC based
on the knowledge of molecular structure to decrease the time and expense of experimental
screening [1,17-19]. The QSPR model establishes a mathematical correlation between a

molecular structure and a specific property using molecular descriptors [1].

Few QSPR models consider taking into account sugar-based surfactants [1,3,13], even

though several QSPR models have been developed to estimate CMC [11,20-25]. Gaudin et
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al.[1] developed a QSPR model using the best multiple linear regression of 83 sugar-based
surfactants with an RMSE, Rfmining, Q%,, and RZ of 0.32,0.93, 0.9, and 0.91 respectively.

Additionally, Wang et al.[3] created an MLR model of 83 sugar surfactants. Indeed, they
obtained MAE after removing 5% high residual compounds reaching 0.19. Baghban et al.[13]
also investigated the same data set as Gaudin et al. and Wang et al. with least squares support

vector machine (LLSVM) and reported the RMSE value of 0.02.

This review aims to create a new QSPR model that could be used to predict CMC from
the molecular structure of a range of surfactants, including classical and extended sugar-based
surfactants. Artificial neural networks (ANN), Multiple linear regression, Partial least squares,
and Adaptive neuro-fuzzy inference system were the statistical methods employed to develop
the QSPR models, which were built following the Organization for Economic Cooperation and

Development guidelines.
I1.2 Methodology
I1.2.1 Data collection and dataset division

It is generally recognized that the creation of high-quality QSPR models requires high-
quality experimental data [26]. The dataset for the current investigation included 125 sugar-
based surfactants (109 conventional sugar surfactants and 16 extended sugar surfactants). The
CMC of these surfactants was determined at temperatures close to room temperature (20-
25°C). the CMC values were adjusted to a negative logarithmic scale [pCMC = -log;,CMC
(mol/L)] to guarantee the linear distribution [27]. The whole dataset has been split into two
classes. The first class, consisting of 119 sugar surfactants (Table A.l) collected from
previously mentioned literature [1,4,28-30], was used to create the QSPR model (70% of the
data comprise the training set, whereas 30% include the validation and test set). The
second class, which included six sugar-based surfactants that were not employed in creating

the QSPR model, was used to predict pCMC using the most efficient model.
I1.2.2 Molecular descriptor calculation

Molecular descriptors are numerical that represent the specificities of a compound's
structure. For each surfactant, 1544 molecular descriptors were determined using PaDEL-
descriptor software, which is available online. The molecular structure of compounds used in
model development were drawn manually using Chem sketch software and the structures were
saved as SMILES (Simplified Molecular Input Line—Entry System) notation, which is the
approved input format for PaDEL-descriptor software[31].
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I1.2.3 Molecular descriptor selection

An important step in the QSPR model is decreasing the number of descriptors. This
decrease serves two objectives: it prevents overfitting and reduces the possibility of finding a
model by chance[27]. The stepwise-multiple linear regression (S-MLR) tool
(http://teqip.jdvu.ac.in/QSAR Tools/) was used to find the least number of meaningful
descriptors that could predict the output property. The dataset of descriptors acquired following

S-MLR selection using the F-value consisted of 6 descriptors.
11.2.4 QSPR model’s development and validation

Multiple linear regression (MLR), Partial least squares (PLS), Artificial neural networks
(ANN), and Adaptive neuro-fuzzy inference system (ANFIS) were used to create the models.
For the ANFIS and ANN approach, we have employed MATLAB® R 2018a. while MLR
PlusValidation 1.3 tools and Partial Least Squares Y 1.0 were used for MLR and PLS methods,
respectively (http://teqip.jdvu.ac.in/QSAR Tools/). Validation is an important part of QSPR
modeling, and the predictive models generated with varied parameters were subjected to both
internal and external validation criteria. The statistical parameters [32—-36] described in

Equations (II.1) — (II.17) were employed, and the terms in these equations are specified

appropriately:
obs red 2
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I1.8

I1.9

II.10

II.11

II.12

II.13

I1.14

I1.15

II.16

I1.17

Where, Q?: cross-validation correlation coefficient, R?: coefficient of determination, k & k' :

slopes of the corresponding regression lines, ¢ : squared correlation coefficient between the

observed and predicted value of compounds without intercept, r52: bears the same meaning as

obs

¢, but uses the reversed axes, 7;2 & Ar;2: average and delta of 1;2, y?"° is the experimental

value of Y, yl-pmd is the predicted Y-value of training set, test set or validation set, n: number of

compounds in the data set, y°P5 & yP7%: average of Y°PSand YP®?respectively, CCC :

concordance correlation coefficient, RMSE : Root Mean Squared Error, MAE : mean absolute

CITOT.

The different thresholds for these indicators are listed in Table I1.1 [37].
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Table II.1 Acceptance criterion (A.C) of a model [37].

Parameter Q2 RZ,, k k' 2 ArZ CCC

A.C value >0.7 >0.7 0.85<k & k'<1.15 >0.65 <0.2 >0.85

Roy and his collaborators [38], proposed two metrics for measuring the external
predictability of QSPR models using, mean absolute error (MAE and MAE +30) after omitting
5% high residual compounds. An External ValidationPlus
(http://teqip.jdvu.ac.in/QSAR Tools/) is an online tool that may be used to compute these

MAE-based external validation requirements [39].
I1.2.5 QSPR model’s applicability domain (AD)

Application domain is described as the area in which a compound can be predicted with
confidence[40], so it’s a crucial factor to consider [41]. The leverage strategy (Williams plot)

and the standardization approach were employed in this research.
I1.2.5.1 Applicability domain using leverage approach

The Williams plot is a graphical representation of standardized residuals displayed against
the leverage value of each compound [42]. The applicability domain was specified as a square
rectangle spanning £3 standard deviations and a warning leverage value (h*). The leverage

values (h;; ) correspond to the diagonal elements of the hat matrix (H) as defined [40] by:
H=XXtx)"1xt I.18

Where Xis the matrix built on the values of the model descriptor and compounds of the learning

set and the warning leverage (h*) was determined[40,43] as:

_3(+1)
==

h* I1.19

Where p is the number of model descriptors and # is the total number of samples in the
training set.
I1.2.5.2 Standardization approach

This approach is an easy way to identify outliers (in the case of the training set) and the
compounds that reside outside the AD (in the case of the test set). An open access standalone

application has been created for estimating the AD for QSPR models. The software is available
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at (http://teqip.jdvu.ac.in/OSAR_Tools/). The basic theory, algorithm, and methodology, as

well as the benefits of the suggested approach, are all available in the literature [44].
I1.3 Results and discussion
I1.3.1 Molecular descriptor selection

The six (6) descriptors obtained after selection by S-MLR techniques were: SssCH2,
ATSCS5e, AATSC4m, BIC3, MATS1c, and SpMinl_Bhe. To conduct the research, a correlation
matrix comprising six descriptors was created. The correlation coefficient for each pair of

descriptors is less than 0.63, indicating that the descriptors chosen were independent.
11.3.2 MLR model

The MLR model, generated by using 6 variables (descriptors) is illustrated by a linear
equation (Eq I1.20) and the statistical parameters represented in Table 11.2.

pCMC = 12,09731 (& 5,88554) + 0,16059 ( 0,0293) SssCH2 + 0,17617 (+ 0,06241) ATSC5e
+0,25775 ( 0,06659) AATSC4m - 7,58599 (+ 2,16343) BIC3 - 6,20729 (+ 2,10092)
MATS I¢ - 4,55738 (+2,92592) SpMin! Bhe 11.20

The standard error of regression coefficients is denoted in parenthesis, and the statistical
parameter values represent the MLR model’s robustness and friability. In addition to indicating
whether the model is not overfitted, Tropsha and Golbraikh [45,46] propose that R2- Q2
should be less than 0.3. As part of this study, the R?-QZ, = 0, demonstrating that the MLR
model is not overfitting. Moreover, a PRESS/SSY ratio of less than 0.4 suggests a reasonable
QSPR model [47]. The ratio is 0.13 (PRESS = 22.75, SSY = 170.3), indicating that the
established model prediction is better than chance. The influence of a descriptor in a model is

characterized by its mathematical equation for the sign-in model.

The regression coefficients of Eq 11.20 show that the BIC3, MATSIc, and SpMinl Bhe
descriptors have negative signs, implying that they have a negative influence on the CMC of
sugar-based surfactants. On the contrary, the regression coefficients of the descriptors SssCH2,
ATSC5e, and AATSC4m have positive contributions and the greatest values contributing to the

improvement of the CMC of sugar surfactants.
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Table I1.2 Validation parameters for MLR model’s train, validation, test, and global set.

Computational QSPR model to predict the
CMC of classic and extended sugar-based surfactants

Statistical values  Train Validation Test Global
n 83 18 18 119
R? 0.834 0.902 0.945 0.868
QZ,, 0.834 -- -- --
Q% - 0.887 0.934 --
Q3, -- 0.834 0.930 --
K 1.000 0.903 1.042 0.997
K' 0.979 1.089 0.949 0.983
r2 0.834 0.902 0.940 0.866
ry’ 0.806 0.888 0.928 0.839
r3 0.834 0.882 0.879 0.838
r;2 0.693 0.795 0.821 0.719
¥4 0.764 0.838 0.850 0.779
Ard 0.141 0.087 0.057 0.119
CCcC - 0.922 0.960 0.926
MAE 0.288 0.304 0.269 0.287
RMSE 0.453 0.409 0.386 0.437
MAE (95%data) - -- 0.217 --
MAE +30 (95%data) - -- 0.786 --

11.3.3 PLS model

The PLS regression model generated with six descriptors displayed a significant correlation

between the predicted and experimental values of pPCMC (R? = 0.783, RMSE = 0.519). Table

I1.3 shows the statistical parameters for the prediction set.

Table I1.3 Validation parameters for the PL'S model’s train, validation, test, and global set.

Statistical values Train Validation Test Global
n 83 18 18 119
R? 0.783 0.832 0.973 0.832
QZ,, 0.782 -- - -
QZ, -- 0.836 0.956 --
QZ, -- 0.758 0.953 --
K 0.999 0.900 1.054 0.998
K' 0.973 1.078 0.944 0.977
r2 0.783 0.828 0.968 0.832
rg 0737 0821  0.963 0.797
r2 0.773 0.783 0.909 0.820
r;2 0.614 0.746 0.879 0.676
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Statistical values Train Validation Test Global

2 0.694 0.764 0.894 0.749
Ar? 0.159 0.037 0.030 0.144
CCC -- 0.889 0.974 0.907
MAE 0.362 0.379 0.237 0.345
RMSE 0.519 0.494 0.317 0.490
MAE (95%data) -- -- 0.203 --

MAE +30 (95%data)  -- -- 0.704 --

I1.3.4 ANN model

In this investigation, the training function trainlm “Levenberg-Marquardt” was utilized for
training the network. For the hidden layer and output layer, the tansig “hyperbolic tangent” and
purelin “linear transfer” functions were used, respectively. Several computations were
performed using different numbers of hidden nodes (1-9) to optimize the number of hidden
neurons. The observed pCMC was represented by one output neuron. The 119 sugar-based
surfactants were split into three groups: training set (70%), validation set (15 %) and test set
(15 %). The model with a minimum RMSE was chosen [48]. The ANN model with {6-6-1}
architecture was constructed as the final model. Table A.1 provides the prediction pCMC from
the ANN model for 119 sugar surfactants. The scatter plot of the observed vs predicted results
for the training, validation, and test set is shown in Figure II.1. A close correlation was found
between the predicted and observed values of pCMC, except for some outlier points,

considered as accepted out of range.
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Figure I1.1. Scatter plot of the predicted values of pPCMC versus the experimental values by

ANN model for the training, validation, and test set.

The statistical parameters for validation results in Table 1.4 meet the required standards,

indicating that the ANN model is robust and provides excellent predictive performance.

96



Chapter I1 Computational QSPR model to predict the
CMC of classic and extended sugar-based surfactants

Table I1.4 Validation parameters for ANN model’s train, validation, test, and global set.

Statistical value Train Validation Test Global

n 83 18 18 119
R? 0.861 0972  0.985 0.908
Q%OO 0856 - - -
Q%4 - 0978 0982  --
QZ, - 0.967 0981  --
K 0991 0974  0.975 0.986
K 0990  1.022  1.023 0.999
r¢ 0.857 0971  0.985 0.906
rg’ 0.856  0.969  0.985 0.906
r2 0.804  0.939  0.976 0.873
r;2 0.802 0913  0.982 0.864
2 0.803  0.926  0.979 0.868
ArZ 0.001  0.026  0.006 0.009
ccc - 0.983  0.991 0.953
MAE 0.246  0.144  0.165 0.218
RMSE 0.422 0182  0.199 0.368
MAE (95%data) -- -- 0.152 --
MAE +30 (95%data) - - 0.466 -

To see the relationship between the predicted property and the descriptor in the ANN model,
a connection weights approach was used in this method, proposed by Olden [49]. From Figure
1.2, the order of relative contribution level of the descriptors was: ATSC5e > BIC3 >
SpMinl Bhe > MATSIc > SssCH2 > AATSC4m. In this situation, the variables with the
biggest relative contribution were ATSC5e, BIC3, and SpMinl_ Bhe (40.97%, 36.44%, and
27.34% respectively).

Relative contribution (%)

o
T ¢
230 4
.40 _ Descriptor

Figure I1.2. Plot of the fraction contribution of the descriptors to the pCMC of sugar-based

surfactants.
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ATSC5e is centred broto-moreau autocorrelation of lag Sweighted by Sanderson
electronegativity. BIC3 is a bond information content index defined as neighborhood symmetry
of 3-order. SpMinl Bhe is burden eigenvalues n.1 of burden matrix weighted by Sanderson
electronegativity. MATS1c¢ is a 2D autocorrelation, which is known as the moran coefficient of
lag 1 weighted by gasteiger charge. SssCH2 describes the electropological state. SssCH2
represents the sum of - CH, group connected with two double single bonds. On the other hand,
AATSC4m is defined as averaged and centered moreau-broto autocorrelation of lag 4 weighted

by mass.

In summary, it can be concluded that electronic properties (electronegativity and charges),
electro-topology, and molecule symmetry are important in the micellization of sugar-based

surfactants.
11.3.5 ANFIS model

Both artificial neural networks and neural-fuzzy systems are used in ANFIS architecture
[50]. The R? (0.916) value and 772 (0.845) for the test set obtained within an acceptable range.

Table I1.5 reports a value for various parameters used in the ANFIS model.

Table I1.5 Validation parameters for ANFIS model’s train, test, and global set.

Statistical value Train Test Global
N 101 18 119
R? 0.935 0.916 0.932
Q%,, 0.935 -- --
Q% -- 0.917 --
Q3, -- 0.894 --
K 1.000 0.972 0.994
K’ 0.990 1.018 0.996
r¢ 0.935 0.902 0.931
rg’ 0931 0915 0.930
r} 0.935 0.806 0.911
r,2 0.877 0.884 0.893
2 0.906 0.845 0.902
Ar? 0.058 0.079 0.019
ccC - 0.952 0.965
MAE 0.089 0.270 0.116
RMSE 0.299 0.384 0.314
MAE (95%data) - 0.227 -
MAE+3 0 (95%data) -- 0.882 --
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I1.3.6 Comparison of four statistical models

The statistical quality of a model for an external (test) set is the most important factor for
evaluating its predictive power [51]. We used the same kind and number of descriptors for each
model. As evidenced by the validation metrics previously reported in (Tables 11.2, 11.3, 11.4,
and IL.5), all models (MLR, PLS, ANN, ANFIS) are of acceptable quality. ANN model
outperforms the other three regression models in terms of the external validation metrics
namely R?, Q%;, Q%, and CCC. A further analysis using MAE (MAE and MAE +30) after
removing 5% of the data compounds with large prediction residuals gave the quality of the
ANN model as good, which is also consistent with the judgment offered by classical external
validation metrics. we used cross-validation with the LOO method to evaluate the robustness
of the models. In the ANN model, Q? was 0.86 and in MLR, PLS and ANFIS were 0.83, 0.78,
and 0.93 respectively.

11.3.7 Applicability domain

The Williams plot and standardization technique were used to examine the applicability
domain of the ANN model. In Figure 1.3 we can see that no compound in the entire dataset
had leverage greater than the warning h* value of 0.25. the standardization approach recognizes
the training compound 15 within the AD but the leverage approach identifies it outside the two
horizontal lines. However, the training compounds 109,110, and 111 are identified as outliers,
validation compounds 58 and 107 and test compound 106 are identified outside by
standardization technique but recognized inside the AD by leverage approach. Importantly,
more than 99.15%, and 95% by Williams plot and standardization approach respectively of the
domain covered, indicating that the ANN model compiles with the third principle of the OECD.
As a result, the ANN model provided a good prediction for these compounds. It can be used to
estimate the CMC of sugar-based surfactants, especially for untested substances and novel

compounds.
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Figure I1.3. Projection of the training, validation, and test set of sugar-based surfactants in
the Williams plot.

I1.3.8 Comparison with previously reported models

To predict the CMC of sugar-based surfactants, we compared the statistical results of our
ANN model with a limited number of QSPR models available in the literature (Table I1.6). The
comparison with the work of Gaudin et al.[1] shows that our model gives higher statistical
quality and predictive performance in terms of external validation. Additionally, a limited
number of statistical parameters are used from these QSPR models in the internal validation,
unlike our model which has several statistical indices. In addition, we used our model (ANN-
simulate network) to forecast the CMC of 6 sugar-based surfactants that had not been used for
the construction of the QSPR models. The promising results are summarized in Table II.7.
These results demonstrate a high degree of consistency between the computed estimates and
observed data, and the developed ANN model shows great potential for determining the CMC

of new surfactants while reducing time and money.
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Table I1.6 Results of our best model’s (ANN) internal and external validation compared with those from previous research.

Training Validation Test
MODELS | Neotar | R? | Q%0 | 72 | A2 | R? | Q4 | 72 | A2 | R? | Q& | An2 | MAE MAE+30 (95%

(95%data) data)

Present work | 119 | 0.861 | 0.856 | 0.803 | 0.001 | 0.972 | 0.978 | 0.926 | 0.026 | 0.985 | 0.982 | 0.006 | 0.152 0.466

(ANN)

Gaudin et al. 83 093 1091 |- - -- - -- - 091 [0.90 |O0.1 - -

Wang et al. 83 0.959 | 0.947 | -- - - - - - 0.946 | -- - 0.197 0.674

Baghban et al. | 83 0.999 | -- -- -- -- - -- -- 0.997 | -- -- -- --
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Table I1.7 Observed value of pCMC and those predicted by ANN-simulate for 6 sugar

surfactants.
Sugar surfactants Observed Predicted
pCMC pCMC
(mol/L) (mol/L)
OH OH 1.745 1.749
HOMOW
I
OH o
OH 2.174 2.879
ot
0]
\
@)
OH OH 3.602 3.591
HO : I
OH : NMW
o. 0 HO |
HO OH
OH
OH 4.699 4.746
(0]
o OH
0] 0]
OH O o N
OH
OH 2.244 2.077
HO\(IOH
‘ o Yo OH
OH NH ~ ~_ -~ —~
HO I
OH OH O
OH 2.886 2.868
HO\(IOH
‘ o O OH
HO™ % I
OH OH O
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I1.4 Conclusion

In this work, we propose four regression models to estimate the CMC value of 119 sugar
surfactants by utilizing six relevant molecular descriptors. The metrics of the four developed
models fell within the acceptable range. The ANN model was trained using the training
function trainlm “Levenberg-Marquard” gave a better performance in CMC prediction with
QZ,, and 72 values (0.98 and 0.97) were higher, and Ar;2 value (0.006) was acceptable for a
testing dataset in comparison to models previously reported. Based on MAE metrics, the ANN
model makes accurate predictions, as indicated by the removal of 5% of the test set objects
with high residual values. In addition, estimating the CMC of 6 other sugar surfactants based
on simulate of the network gave very good results (R = 0.96). The In-silico models used in this
study demonstrated the significance of electronic properties (electronegativity and charges),
electro-topology, and symmetry of a molecule in contributing to the micellization process. In
conclusion, all validations showed that the built QSPR model was reliable, acceptable,
consistent with the OECD principle, and able to accurately predict the CMC for the surfactant

that was not contained in the data set.
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Chapter III QSPR for the prediction of CMC of different classes of surfactants
using machine learning algorithms

II1.1 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 surfactant called Gemini
surfactants. These surfactants possess two hydrophobic 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 characteristic of surfactants can reduce surface
tension between two substances. 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
micelles. 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 temperature, 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 structure, QSPR modeling is a significant field of
research in computational chemistry [9] because it can provide a faster, more accurate, and less

expensive method for understanding and measuring structural characteristics that affect
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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 descriptors is statistically
associated with the studied experimental property, 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 (R?=0.92, RMSE=0.3), demonstrates the
robustness of the GCN model. A report published in 2002 [16] presents a QSPR model to
predict 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 coefticient of determination of 0.90 for the training

set.

This study aims to establish QSPR models for 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
descriptors. 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.
II1.2 Methodology

The process of building QSPR models contains several steps, which are explained below

and illustrated in Figure III.1.
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Figure II1.1. General steps for the generation of QSPR models in the current study.

II1.2.1 Data collection

A total of 593 distinct classes of surfactants, including anionic, cationic, nonionic,

zwitterionic, and Gemini surfactants, were collected from a previous publication [2,10,25—

29,17-24]. These surfactant CMCs were measured at temperatures ranging from 10°C to 60

°C. To ensure a normal distribution, CMC values were transformed into the negative

logarithmic form of pCMC (in mol/L), as shown in Figure I11.2. The surfactant compounds and

their associated experimental pCMC values are listed in the Annex as Table A2.
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Figure I11.2. Normality distribution plot of CMC data: (a) before transformation, (b) after
log transformation (pCMC).

I11.2.2 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 surfactant molecules and
then convert them to SMILES (Simplified Molecular 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.
II1.2.3 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
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deviation less than 0.001 were excluded. In addition, descriptors with an absolute value of the
correlation coefficient greater than 0.75 were finally eliminated. 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/dtclabsmlr/). 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 III.1 gives

an overview of the characterization of the selected descriptors.

Table I11.1 Characteristics of the selected descriptors by S-MLR and their VIF values.

Descriptors type class Definition VIF
names
SlogP 2D  Physicochemical = Logarithm of the octanol/water partition 1.457
properties coefficient
GATS6d 2D Autocorrelation Geary autocorrelation descriptor of lago6  1.445
nAcid 2D Count descriptor ~ Number of acidic groups 1.773
GATS8dv 2D  Autocorrelation Modified Geary autocorrelation 2.609
descriptor of lag8
GATS4dv 2D Autocorrelation Modified Geary autocorrelation 3.000
descriptor of lag4
PEOE VSA1 2D MOE-type MOE Charge VSA Descriptor 1 2.223
GATS8&d 2D Autocorrelation Geary autocorrelation descriptor of lag8  2.395
ATSOp 2D Autocorrelation Broto-Moreau autocorrelation - lag 0/ 1.228
weighted by polarizabilities
GATSS5d 2D Autocorrelation Geary autocorrelation descriptor of lagS  2.350
MATS5p 2D Autocorrelation Moran autocorrelation - lag 5 / 1.660
weighted by polarizabilities
GATS3d 2D Autocorrelation Geary autocorrelation descriptor of lag3  2.245
ndssC 2D  Electrotopological Count of atom-type E-State: =C< 1.198
State Atom Type
GATS6dv 2D Autocorrelation Modified Geary autocorrelation 1.725
descriptor of lag6
EState VSA4 2D  MOE-type MOE-type descriptors using EState 1.472
descriptor indices and surface area contributions
T -- -- Temperature 1.152

I11.2.4 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 evaluating the performance of the model. In this study, four machine
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learning were used namely: MLR, ANN, RFR, and DA-SVR to build models. Both DA-SVR
and ANN were implemented by MATLAB® R 2018a. RFR was implemented by Scikit learn
Python toolkit. While MLR was implemented by the MLRPlusValidation tool
(http://dtclab.webs.com/).

II1.2.5 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
(R?), different regression metrics (Q2, Q%,, Q%,), average and delta of 72 (7;2,An2),
concordance correlation coefficient (CCC) to evaluate reproducibility, root mean squared error
(RMSE), mean absolute error (MAE), average absolute relative deviation (44RD) and Akaike’s
information criterion (4/C) [33], 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 [34-37].
II1.3 Results and discussion
I11.3.1 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 [38]. The linear equation

representing the generated MLR model is given below.

pCMC = 2.12274(= 1.0075) + 0.33915(% 0.02052) SLogP + 3.45516(x 0.38652) GATS6d -
0.17197( 0.06904) nAcid - 1.86614(x 0.40426) GATS8dv - 0.25316(x 0.37152)
GATS4dv + 0.02768(x 0.01231) PEOE_VSA11 + 1.69493(x 0.35779) GATS8d +
0.00014(x 0.00014) ATSOp + 0.07065(x 0.42478) GATS1d + 1.03934(x 1.5928)
MATS5p - 1.34056(x 0.43476) GATS3d - 0.10528(x 0.08413) NdssC - 1.35554(
0.33952) GATS6dv + 0.02183(+ 0.00494) EState VSA4 - 0.01049(+ 0.00714) T
11

Where

Nerain=475, R?=0.5194, Q%=0.5194, 7;2=0.3597, Ar,2=0.3193, MAE=0.6901, RMSE=0.8841 for

training set.

The standard error of the regression coefficients is indicated in parentheses. Table III.2

provides an overview of the external criteria of the MLR model.
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II1.3.2 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 statistical parameters of R?=0.9299,
Q%=0.9299, #2=0.9852, Ar2=0.0626, MAE=0.2026, RMSF=0.3345. Table II1.2 provides an

overview of the external criteria of the ANN model.
I11.3.2.1 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 (X;, 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 Egs. (II1.2) and (II1.3), respectively.

f()—e e 1.2
ﬂm=x 1.3

The output signal of each hidden neuron (Y;) is calculated by Eq. (I11.4), and the output of
the network is given by Eq. (IIL.5).

exp(Ti2 wij X+ bj) —exp(=Xi2, wij X; + b))
exp(Xi2, wij Xi+bj) + exp(=Xi7, wijX;+bj)

zZ= f[ j= 1W1] +b1] 211'21W1,jy}'+ by 1.5

Y = fIZiE wi X+ by] = 1.4

Where w; ; are the weights of the connections between the input and hidden neurons, X; are the
input variables and b; is the bias on hidden neuron j. w; ; represent the weights of the

connections between the hidden and output neuron and b, 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. (IIL.5). The
values of the weights and bias for each layer are given in the Annex as Table A3 and Table A4,
respectively. Table II1.5 shows the predicted values for 11 surfactants that were not included in

the construction of the QSPR models. These predictions were based on Eq. (IIL.5).
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I11.3.3 RFR predictive model

We create the RFR model using Scikit-learn's RandomForestRegressor class. Our
hyperparameters include setting 100 estimators and a minimum sample split of 2. In the training
set, this model achieved statistical parameters of R2?=0.9717, Q?=0.9665, 7;2=0.8861,
Ar;=0.0327, MAF=0.1553, RMSE=0.2334. Table III.2 provides an overview of the external
criteria of the RFR model.

I11.3.4 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:
regularization constant (C = 200), insensitivity function (¢ = 1.9939), and Gaussian function
parameter (y = 0.0080). The predicted pCMC values for all 593 surfactants are presented in the
Annex as Table A1. The scatter plot shown in Figure II1.3, 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  R?=0.9712, Q?=0.9710, 72=0.9581,
Ar,2=0.0222, MAE=0.0871, RMSE=0.2171. Table II1.2 provides an overview of the external
criteria of the DA-SVR model.

[ [@ [training A& test linear fit

Predicted pCMC (mol/L)

Experimental pCMC (mol/L)

Figure II1.3. Scatter plots Predicted vs. Observed values of pCMC for the DA-SVR for

training and test sets.
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II1.3.5 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 Table I11.2 and Table III.3, respectively,
show that the DA-SVR model surpasses all other models. It attains the highest R? (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.

Table I11.2 Statistical criteria of all developed models for the test set.

Validation metrics MLR ANN RFR DA-SVR
R? 0.4343 0.8877 0.8121 0.9864
Q% 0.4485 0.8905 0.8142 0.9868
Q3, 0.4252 0.8866 0.8063 0.9862
3 0.4256 0.8870 0.8063 0.9862
2, 0.3938 0.8642 0.7503 0.9725
T2, 0.2958 0.8531 0.6915 0.9751
Ar2, 0.2590 0.0693 0.2295 0.0223
ccce 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

Table I11.3 Statistical criteria of all developed models for the global set.

Validation metrics MLR ANN RFR DA-SVR
R? 0.5024 0.9247 0.9418 0.9740
Q? 0.5021 0.9247 0.9365 0.9739
r% 0.5021 0.9247 0.9366 0.9740
2, 0.4937 0.9247 0.8739 0.9740
T2 0.3478 0.8898 0.8819 0.9627
Ar2, 0.3085 0.0700 0.1095 0.0244
cce 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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I11.3.6 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 predictions can be considered accurate. The Williams plot [39,40] was used
in this study to establish the applicability domain of the DA-SVR model. As shown in Figure
I11.4, The threshold leverage computed, denoted by ~*, 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 predictions within the applicability domain. Fortunately, the DA-

SVR model produced accurate predictions for these compounds.
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Figure II1.4. William’s plot for the DA-SVR model.

II1.3.7 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 III.1, the selected descriptors have been categorized into five
distinct groups according to their properties and characteristics. The relevance factor [41]
method was utilized to assess the impact of each of the 15 descriptors of the DA-SVR model
in predicting surfactant CMC. Figure 111.5 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
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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.

W SLogP GATS6d M nAcid [ GATSSdv W GATS4dv
PEOE_VSA1l M GATSSd B ATSop M GATSId B MATSSp
EState VSA4 B GATS3d M NdssC B GATSGdv B T

Relevance factor

-0.1 4

Input variables

-0.2 4

Figure IIL.5. The results of the relevance factor analysis carried out on the DA-SVR model.
I11.3.8 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. [42] considered nonionic surfactants, Rahal et al. [43] focused on anionic
surfactants, Guo et al. [21] considered Gemini surfactants, and Roy et al. [44] 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 II1.4 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 previously published models in all statistical metrics
available for comparison, 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 IIL.5. The findings indicate that the DA-SVR model is

more consistent with the actual data compared to the ANN model.
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Table II1.4 Performance of our DA-SVR model with previously published models for internal and external validations.

Models QSPR method  Data points  Internal validation External validation

R? Q? 72 Ar2 R? Q% 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 etal [16] PLS 49 0.900 - - - - - - -
wang et al.[42] MLR 83 0.959 0.947 - - 0.946 - - -
Rahal et al.[43] 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.[44] GFA 35 0.949 0.893 0.851 0.020 0.904 - - -
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Table II1.5 Observed value of pCMC and those calculated by Eq. (III.5) and DA-SVR for 11
surfactants.

pCMC (mol/L)
Structure T(°C) | observed | Predicted by | Predicted by DA-

ANN Egq. (6) SVR
CoH,0S0; Na* 25 1.22 1.15 1.27
Cy0H,1(0C,H,),S0; Na* 25 1.91 1.80 1.68
C1Hy5(0C,H,) 4SO, Na* 25 2.77 2.86 2.47
C;4HpoCOO™Na* 40 2.14 1.95 2.26
C,4H33C00™Na* 40 2.74 2.30 2.32
C,HysCH(C3H,)CsH,SO5 Na*t | 40 2.40 0.83 2.27
CsH13CH(C4Hy)CsH,SO; Nat | 40 2.30 2.40 2.23
CsHy,CH(CsHy1)CeHySO7 Nat | 40 2.25 2.89 2.37
CgHy,CeH,S0; Na* 40 1.91 2 1.91
CsH,,CH(CH3)C4H,SO5 Na* 40 2.30 1.58 2.43
C,H;sCH(C,H:)CsH,SO;Nat | 40 2.20 0.58 2.37

I11.4 Conclusion

This study aims to compare linear and non-linear methods for predicting 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 concentration of surfactants at various
temperatures. The proposed statistical 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 validation 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.
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General Conclusion and Outlook

Surfactants are attracting growing interest due to their varied exceptional characteristics,
such as wetting action, foam formation, emulsion formation and stabilization, dispersion, and

detergent action.

This project was set up to highlight the study of the properties of surfactants, notably CMC,
which is a fundamental characteristic that provides information on molecular interactions,
surfactant behavior, formulation optimization, pharmaceutical research, and so on, with this in
mind generally measured using experimental devices, which represents a cost and can be time-
consuming. Their prediction therefore represents a significant benefit, potentially making it

possible to screen large databases of molecules at a low cost and before any synthesis.

In order to promote molecules of interest, this thesis aimed to develop different QSPR
models linking the physicochemical property to the molecular structure using computational
intelligence methods. A large number of molecular descriptors have been calculated
(constitutional, electronic, topological, geometric, physicochemical descriptors, and more).
The main validation techniques were used (internal validation, external validation, areas of
applicability, etc.). These models were developed following the five OECD principles for
validating QSPR models.

Firstly, the CMC of sugar-based surfactants was evaluated using experimental data taken
from the literature in a dataset containing 119 experimental data points divided into three
random sets as follows: a training set, an internal validation set, and a test set where 6
significant PaDEL descriptors were used as model input variables. In this study four modeling

methods, MLR, PLS, ANN, and ANFIS were used, the results obtained show that:

e The developed models are all statistically valid with an overall RMSE between 0.314
to 0.490.

e ANN has significantly better predictive ability than PLS, ANFIS, and MLR, but the
latter gives easily interpretable results.

e The ANN model using the trainbr training algorithm and tansig and purelin as activation
functions showed very significant results with a value of R?=0.98 for the test set.

¢ In-silico models demonstrate the importance of a molecule's electrical characteristics,

electro-topology, and symmetry in the micellization process.
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Secondly, we used MLR, RFR, ANN, and DA-SVR as computational intelligence methods

to construct QSPR models of different surfactant classes for their CMC properties. 80% of the

data, chosen randomly, was used as the training set to build the model. The remaining data

were used as a test set to evaluate the model by considering the 14 significant Mordred
descriptors (SlogP, GATS6d, nAcid, GATS8dv, GATS4dv, PEOE_VSA11, GATS8d, ATSO0p,
GATS1d, MATS5p, GATS3d, NdssC, GATS6dv et EState VSA4) and temperature as model

inputs. the results obtained show that:

The methods used were compared, and among them, the DA-SVR based on descriptors
proposed by the S-MLR presented the best predictive capacity than the others with an
overall R’ of 0.974.

The poor results of internal and external validation for MLR show that the model
proposed by this method is not capable of predicting the property satisfactorily.

The predictions in the application domain achieved an accuracy of 95.95%. As a result,

the DA-SVR model provided appropriate predictions for these substances.

To this end, we hope that we will improve our work in the future. As perspectives we

propose:

Modeling the CMC by hybrid algorithms.

Modity the QSPR model construction such as selecting different types of descriptors.
Promote these methods for other physicochemical properties of surfactants.

Use ongoing improvements to computational intelligence methods, such as “deep

learning” to predict/correlate the physicochemical properties of surfactants.
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Table A.1 List of 119 sugar-based surfactants and their experimental pCMC values along with

predicted pCMC values.

o . pCMC (mol/L)
N Sugar surfactants structures Substituent (R) Observed” | Predicted™
1 Ho/\ﬁO/R Octyl 2.237 2.394

OH
2 o 9~y Octyl 2310 2.319
3 OH Octyl 1.669 2.125
4__|Ho S oo 1-butylhexyl 1.824 1.776
5 on R 1-propylheptyl 1.921 1.806
6 1-ethyloctyl 2.071 1.877
7 1-mehylnonyl 2.347 2.276
8 3,7-dimithyloctyl 2.398 1.995
9 Decyl 2.699 2.928
10 Nonyl 2.161 2.535
11 Heptyl 1.141 1.601
12 Hexyl 0.645 1.055
13 Dodecyl 3.721 4.019
14 OH Dodecyl 4.377 4.019
15 Hﬁgﬁ% R Octyl 5 2.125
OHO
16 OH Octyl 2.854 2.542
17 HO/ﬁO Octanoyl 3.215 2.402
R OH
OH
18 OH Octyl 1.638 1.713
19 Hoﬁo: o Nonyl 2.155 2.258
HO “R
NH,
20 OH Hexyl 1.086 0.896
21 Hoﬁoz S- Heptyl 1.565 1.135
gy | HOwmm R Octyl 1.983 1.975
23 Nonyl 2.553 2.643
24 Decyl 3.046 3.253
25 OH 3,7-dimethyloctyl 2.276 2.070
26 Hgo O OH Decyl 2.699 2.554
27 OHO o R Dodecyl 3.769 3.770
28 HO ¢ Octyl 1.635 1.557
29 OoH Nonyl 2.187 2.044
30 Tetradecyl 4.777 5.162
31 Hexadecyl 5.839 6.218
32 3,7,11trimethyldodecyl | 4.526 4.467
33 OH Dodecyl 3.921 3.770
o o
OHO
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o . pCMC (mol/L)
N Sugar surfactants structures Substituent (R) Observed” | Predicted™
34 Hexadecyl 6.222 6.219
35 Dodecanoyl 3.481 3.327
36 3,7-dimethyloctyl 2.301 2.327
37 Oleyl 4.377 4.503
O/R
OH
38 OH Octyl 2.086 2.307
39 Hﬁoﬁoz OHO Decyl 3.222 3.294
OH a o S
OH
40 OH Octyl 2.222 2.125
41 Hoﬁﬁ’E Decyl 3.602 2.928
42 | HO o Dodecyl 4.301 4.019
43 Heptyl 1.514 1.601
44 Nonyl 2.398 2.535
45 | Ho OH Octyl 1.796 2.125
46 Hoié O: 0-gr Decyl 3.155 2.928
47 OH Dodecyl 3.699 4.019
48 Heptyl 1.757 1.601
49 | yo .OH Heptyl 1.488 1.601
50 HO O Octyl 1.724 2.155
51 OHO~ Nonyl 2.284 2.535
52 OH OH Butyl 1.237 1.175
53 HoJ\HVo\R Pentyl 1.420 1.310
54 Hexyl 1.023 1.639
55 OH Heptyl 2.036 2.146
56 Octyl 2.174 2.532
57 Nonyl 2.678 2.773
58 Pentanoyl 0.921 1.141
59 Hexanoyl 1.237 1.272
60 Heptanoyl 2 1.415
61 Nonanoyl 2.357 2.372
62 decanoyl 2.745 2.957
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o . pCMC (mol/L)
N Sugar surfactants structures Substituent (R) Observed” | Predicted™
63 OH OH Butyl 0.745 1.249
64 | HO S—g Pentyl 1.337 1.442
OH
65 OH OH Hexyl 1.745 1.908
66 | HO : S—g Octyl 2.745 2.980
OH
67 OH OH Hexyl 1.921 1.908
68 HOMS\R Octyl 2.921 2.980
69 - Decyl 3.398 3.732
OH
70 OH Octyl 3.319 3.569
71 | R Decyl 4.481 4.505
1 OH
0=\
®)
72 OH Dodecanoyl 3.444 3.104
_R
HO N
OH OH |
73 OH Hexyl 2.301 2.629
74 |HO, .OH Octyl 3.276 3.167
75 R Decyl 4.638 4.387
o~ o s~
76 OH OH O Decyl 2.886 3.039
77 Jwo A~ R Dodecyl 3.854 3913
78 - - | Tetradecyl 4.619 5.358
OH OH
79 Oleyl 4.495 5.419
80 OH OH O Decyl 2.638 2.836
81 HO - I _R Tetradecyl 4.444 4.452
82 | ©OH o N Hexadecyl 5.032 5.133
O 0] OH
83 Octadecyl 5.481 5.571
84 n Oleyl 4.268 4.241
HO OH
OH
85 OH OH Octanoyl 1.161 1.359
86 HOWVN\R Nonanoyl 1.678 1.801
87 - Decanoyl 2.174 2.336
OH OH
88 OH Hexyl 1.081 1.179
89 HOHOH Dodecyl 3.509 3.812
" 0" Yo OH
OH NH
Ho% R
OH OH O
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o . pCMC (mol/L)
N Sugar surfactants structures Substituent (R) Observed” | Predicted™
90 OH OH O R Decyl 2.886 2.869
HO . 1%
OH ~ NH
91 Decanoyl 2.481 2.622
92 Dodecanoyl 3.347 3.219
93 Tetradecanoyl 4.167 3.969
94 Octanoyl 1.347 1.250
95 Octanoyl 1.155 1.250
96 Dodecanoyl 3.337 3.389
97 Dodecanoyl 3.022 2.997
98 Dodecanoyl 2.638 2.647
99 Hexyl 1.991 1.908
100 | HO S—n Octyl 3.420 2.980
OH
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o . pCMC (mol/L)
N Sugar surfactants structures Substituent (R) Observed” | Predicted™
101 heptyl 1.710 1.851
02| NH-g Octyl 2.481 2.685
HO O
HO OH
OH
103 ] o0 N5 Octyl 2.398 2.685
O
HO\\’LP*MOH
OH
104 CH, OH Dodecyl 4398 4230
R{O e 0
60 OH
HO
OH
OH Dodecyl
105 J} %o m=6 3.959 4.032
(@) (@)
106 R< ng)N R0 wOH m=10 4398 4610
107 HO—" m=14 4.699 4.862
Dodecyl
108 | r(O Yo O m=6 4.301 4.303
109 m m=10 4.523 4733
HO o)
OH OH
OH
R &&O o) Dodecyl
TN AT
110 {O m O m=6 4.699 4573
111 o OH m=10 4.699 4917
OH
OH
2] o Octyl 2.469 2.583
113 Decyl 3.432 3244
HO O
OH OH
OH
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o . pCMC (mol/L)
N Sugar surfactants structures Substituent (R) Observed” | Predicted™
114] O Octyl 2.174 2.532
115 | R Decyl 3.092 3.031

OH
HO
OH
OH
116 OH Octyl 2.921 2.901
117 Decyl 3.108 3.036
| o~ ° Dodecyl 3.638 3.424
119 0 OH Tetradecyl 3.745 3.866
HO
OH

“Experimental pCMC values are collected from the following literature: [1, 4, 28-30]

“*pCMC values predicted by ANN
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Table A.2 List of 593 surfactants with experimental and predicted pCMC values

Nos. | Compounds T(°C) pCMC
Observed Predicted *

1 CysH3;CONHCH[CH(CH;),]CO0O~Na* 25 2.7212 2.5623
2 CysH3;CONHCH[CH,CH(CH3),]CO0~Na* 25 2.8239 2.8164
3 CyoH,1S03 Na* 25 1.3665 1.3747
4 Cy,H,:S03 Na™* 25 1.9066 1.9145
5 Ci,HysSOZ Li™* 25 1.9586 1.9505
6 Cy,H,sSO; NHS 25 2.0506 3.1758
7 C,HysSOZK* 25 2.0315 2.6789
8 Ci1H,350; Na* 21 1.7959 1.6901
9 Cy,H,sSO; Nat 25 2.0862 2.0354
10" Ci,H,:S0; Lit 25 2.0506 2.0711
11" Ci,H,:SO;N*(CH3), 25 2.2596 2.4261
12! Ci,Hys SO NT(C3Hy), 25 2.6576 2.5960
13 Ci4H,080, Na* 25 2.6778 2.7363
14 CyoH,10C,H,SO; Nat 25 1.7986 1.7906
15 Cy,H,,0C,H,SO; Nat 25 2.4089 2.8228
16 Cy,H,4,(0C,H,),S0; Na* 25 2.5376 3.4484
17 Ci¢H33(0C,H,)sS0, Na*t 25 4.6021 4.5939
18 CgH,,CH(C¢Hy3)CH,(0C,H,)sS0, Na* 25 4.0655 4.0736
19 C¢H;300CCH,S03 Na* 25 0.7696 0.7779
20 CgH,,00CCH,S03; Na* 25 1.1805 1.1885
21 CyoH,100CCH,S0; Na* 25 1.6576 1.6661
22 C,Hy00CCH,CH(SO3 Na*)CO0C,H, 25 0.6990 0.7068
23 CsH;;00CCH,CH(SO; Na*)COOCsH,4 25 1.2757 1.8769
24 C¢H1300CCH,CH(SO;Na*)COOC¢H,4 25 1.8539 1.8617
25 C,HyCH(C,H;)CH,00CCH,CH(SO; Na*)COOCH,CH(C,Hs)C,H, 25 2.6021 2.4658
26 CgH,;,00CCH,CH(S0;Na*)COOCgH,, 25 3.0410 2.5063
27 Cy,Hy,sCH(SO; Nat)CO0C,Hx 25 2.6478 2.6556
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted ?

28 Cy,H,sCH(SO3Na*)CO0C,H, 25 2.8697 2.8619
29 Cy4Hy,oCH(SO3 Nat)COOCH, 25 3.1367 3.1284
30 C,F,sCOO"K* 25 1.5376 1.5460
31 C,F;sCO0"Na* 25 1.5229 1.4929
32 C,F;sCO0"Li* 25 1.4815 1.4893
33 (CF3),CF(CF,),C00~Na* 25 1.5229 1.5305
34! CgF,CO0Li* 25 2.3098 2.3014
35 CgF,,SO5 Li™* 25 2.2007 2.2085
36 Ci1H,;CO00"Na* 25 2.5243 2.5163
37 Cy,H,:(0C,H,)sOCH,CO0~Na* 25 2.4572 2.4489
38 Cy,H,5(0C,H,)g0CH,CO0 " Na™* 25 2.2291 2.2368
39 CoH19(CeH,)[OCH,CH(CH3)]3S0, Na* 25 4.2291 4.2375
40 CoH19(CoH)[OCH,CH(CH3)]6SO, Na* 25 4.5229 4.5146
41 CoH19(CeHL)[OCH,CH(CH3)]9SO, Nat 25 4.7959 4.6858
42 CoH,9(C¢H,)[OCH,CH(CH3)]1,504 Na* 25 4.9208 4.9289
43 Cy,H,s0[CH,CH(CH;)0]sCH,CH(CH3)SO; Na™* 25 3.8297 3.8215
44 Cy,H,s0[CH,CH(CH;)0]oCH,CH(CH3)SO; Na* 25 4.2757 4.2838
45 Cy,H,s0[CH,CH(CH3)0],3CH,CH(CH;)SO; Na* 25 4.8861 4.8781
46 Cy,H,s0[CH,CH(CH;)0]sCH,CH(CH3;)OCH,CO0~Na* 25 3.5421 3.5339
47 Cy,H,s0[CH,CH(CH;)0]oCH,CH(CH;)OCH,CO0Na* 25 3.9914 3.9995
48! Cy,H,s0[CH,CH(CH3)0],3CH,CH(CH;)OCH,CO0~Na* 25 4.4437 4.4355
49 Cy,H,s0[CH,CH(CH3)0]sCH,CH(CH3)(0OC,H,),S0; Na* 25 3.7696 4.0557
50 Cy,H,s0[CH,CH(CH3)0]sCH,CH(CH3)(0OC,H,),0CH,CO0"Na* 25 3.4034 3.4115
51 Cy,H,5(0C,H,)3S0; Na* 25 2.5528 2.5449
52 Cy,H,s(0C,H,)sS0; Na*t 25 2.7212 2.7297
53 Ci¢H33S0,; Nat 25 3.3979 3.4061
54 Ci¢H330C,H,SO; Nat 25 3.6576 3.6652
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted ?

55 Cy¢H33(0C,H,),S0, Na*t 25 3.8539 4.0791
56 Ci¢H33(0C,H,)3S0, Na*t 25 4.0000 3.9921
57 CiH33(0C,H,) 4SO, Na*t 25 4.0000 4.0078
58 CigH3,S0; Na* 25 3.9586 3.9504
59 CygH3,0C,H,SO; Nat 25 3.9586 3.9504
60 CygH3,(0C,H,),S0, Na* 25 4.1549 4.1630
61 CigH3,(0C,H,)3S0, Na* 25 4.3010 4.2927
62 CygH37,(0C,H,) 4SO, Na*t 25 4.3979 4.4061
63" Cy4Hug0(C,H,0),0(POyNay), 25 2.8356 2.9167
64" CyuHyg0(C,H0),00(PO4Nay), 25 2.9872 2.9955
65 Cy4Hus0(C,H,0)300(PO4Nay), 25 3.0757 2.9955
66 C,H,sCOO™K* 30 1.9208 1.9289
67 CoH;oCONHCH,COO~ Na* 40 1.4202 1.4281
68 Cy1H,;CONHCH,CO0O~ Na* 40 2.0000 1.9919
69 Cy1H,3CON(CH3)CH,CO0~Na* 30 2.0000 2.1493
70 Cy1H,3CON(CH3)C,H, OO0~ Na™ 30 2.1192 2.1268
71 C3H,,CONHCH,COO~Na* 40 2.3768 2.3688
72 CgH,;,S03Na™* 40 0.7959 1.5022
73 CioH,1S03 Na* 10 1.3188 1.3267
74 CioH,1SO03 Na* 40 1.3979 1.4061
75 Cy,H,sS03 Na* 40 1.9431 1.9512
76 Ci4H,oSO3 Na™ 40 2.6021 2.5290
77 Ci¢H33S03 Na* 50 3.1549 3.1628
78 CgH,,S0; Na* 40 0.8539 0.8616
79 CioH,,S0; Na* 40 1.4815 1.4854
80 C,H,:S0; Na* 40 2.0655 2.0574
81 Ci,HysSO K 40 2.1079 2.1155
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted ?

82 Ci,Hys SO NT(CyHS), 30 2.3468 2.3545
83 Cy,HysSO;N*(CyHg), 30 2.8861 2.8780
84 Cy3H,,5S0; Na* 40 2.3665 2.3606
85 Ci4H,9S0; Na™* 40 2.6576 2.6656
86" CysH3,S0; Na* 40 2.9208 2.9582
87 Ci¢H33S0, Na* 40 3.2366 3.2282
88 Cy3H,,CH(CH;)CH,S0, Na* 40 3.0969 3.0892
89 Cy,H,sCH(C,Hs)CH,SO; Nat 40 3.0458 3.0380
90 Cy1H,3CH(C3H,)CH,SO, Nat 40 2.9586 2.9505
91 CioH,;CH(C,Hy)CH,S0, Na* 40 2.8239 2.8156
92 CoH,qCH(CsH,;{)CH,S0; Na™* 40 2.6990 2.7074
93 CgH,,CH(C¢Hy3)CH,S0; Na* 40 2.6383 2.6459
94 C,H,sCH(C,Hs)CH,S0; Na* 40 2.5229 2.4849
95 Cy,H,sCH(SO; Na*)C3H, 40 2.7696 2.7779
96 CyoH,1CH(SO; Na*)C<H,, 40 2.6198 2.6120
97 CgH,;,CH(SO;Na*)C,H,s 40 2.3665 2.3745
98 CigH3,S0; Na* 50 3.6383 3.6304
99 Cy,H,s(0C,H,),S0; Na* 10 2.5086 2.5165
100 | C;,H,5(0C,H,),S0; Na™* 40 2.5528 2.5605
101 | C;,H,5(0C,H,)3S0, Na™ 50 2.6990 2.7066
102 | C;,H,5(0C,H,)4S0; Na* 50 2.8861 2.6902
103 | CgH,00C(CH,),S0zNa™* 30 1.3372 1.3457
104 | C;oH,,00C(CH,),SO0;Na* 30 1.9586 2.0402
105 | C;,H,s00C(CH,),S03 Nat 30 2.6576 2.6498
106 | C;4H,,00C(CH,),S03Na™* 40 3.0458 3.0379
107 | C;,H,sCH(SO;Na*)COOCH, 13 2.5528 2.5613
108 | C;4H33CH(SO;Na*)COOCH, 33 3.7447 3.7369
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted ?

106 | C;;H,3CON(CH;)CH,CH,S0; Na* 30 2.0506 2.0589
110" | C;,H,sNHCOCH,S0; Na* 35 2.2840 2.2924
111 | C;,H,sNHCO(CH,),S0; Na* 35 2.3565 2.8396
112 | p — C4H{,CcH,SO5 Nat 35 1.8239 2.4737
113 | p—CyoH,;CcH,SO3 Nat 50 2.5086 2.5163
114 |p—C;,H,sCH, SO; Nat 60 2.9208 2.9126
115 | CgF;,C00~Na* 35 1.9586 1.9663
116 | C,F4CH,00CCH(SO;Na*)CH,COOCH,C4H, 30 2.7959 2.7874
117 | C;¢H330(C,H,0);CH,CO0” Na* 30 4.0259 4.0181
118 | Cy¢H350(C,H,0)<sCH,CO0 Na* 30 4.3429 4.3513
119 | C;xH530(C,H,0),CH,CO0"Na* 30 4.9957 4.9874
120 | C;4H,9(0C,H,)s0COC,H,CO0O~ Na* 30 2.8894 2.5675
121 | (CH3),CH(C3H,)CH(CH3)C,H,CH(CH3)CH,(OCH,CH(CH3)),0505 Na* 30 4.3372 4.3452
122 | (CH3),CH(C3H)CH(CH3)C,H,CH(CH3)CH,(OCH,CH(CH3))130S03 Na* 30 4.9208 4.9128
123 | CgH;N*(CH3)3Br~ 25 0.8539 0.8597
124" | C;oH,yN*(CH3)3Br~ 25 1.1675 1.1759
125 | C;oH,1N*(CH3)5Cl™ 25 1.1675 1.1598
126 | C;,H,cN*(CH3)3Br~ 25 1.7959 1.7878
127 | C;,H,sN*(CH3)5Cl 25 1.6990 1.7262
128 | C;4H,oN*(CH3)3Br~ 25 2.4437 2.4198
129" | C14H,oN*(CH3);Cl™ 25 2.3468 2.3385
130 | C;cH3,N*(CH3)3Br~ 25 3.0088 3.0167
131' | CygH,1Pyr*Br~ 25 1.3565 1.3649
132 | C;;Hy3Pyr*Br~ 25 1.6778 1.6439
133 | C;,HysPyrtBr~ 25 1.9431 1.9511
134 | C;,H,sPyr*Cl™ 25 1.7696 1.7773
135 | CpHysPyrti™ 25 2.2757 2.2678
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted *

136 | C;3H,,Pyr*Br~ 25 2.2757 2.2673
137 | Ci4HyoPyr*Br~ 25 2.5686 2.5824
138 | Ci4H,oPyr*Cl™ 25 2.4559 2.4295
139" | CysH3,Pyr*Br~ 25 2.8861 2.8902
140 | CygH33Pyr*Br~ 25 3.1938 3.1861
141 | CgH33Pyr*Cl™ 25 3.0458 3.0541
142" | C;gH3,Pyr*Cl™ 25 3.6198 3.6114
143 | C;,H,sN*(C,Hs)(CH3),Br~ 25 1.8539 1.8618
144 | C;,H,sN*(C4Hg)(CH3),Br~ 25 2.1249 2.1330
145" | C;,H,sN*(CoH,3)(CH3),Br~ 25 2.5086 2.5165
146 | C;,H,sN*(CgH,7)(CH3),Br~ 25 2.9586 2.9510
147 | C;4H,oN*(C,Hg)3Br~ 25 2.5086 2.5164
148" | C;4H,oN*(C3H,)3Br~ 25 2.6778 2.5506
149 | C;4H,oN*t(C4Hg) 3BT~ 25 2.9208 2.9291
150 | C;oH,yN*(CH,CcH:)(CH3),Cl™ 25 1.4089 2.0394
151 | C;,H,sN*(CH,CoHS)(CH3),Cl™ 25 2.0555 2.0475
152 | C;4H,oN*(CH,C¢H:)(CH3),Cl™ 25 2.6990 2.0956
153" | C;,H,sNHS CH,CH,0HCl™ 25 1.3468 1.3387
154" | C;,H,sNH*(CH,CH,0H),Cl™ 25 1.4437 1.4516
155" | C;,H,sN*Y(CH,CH,0H);Cl™ 25 1.6021 1.6102
156 | (CyoH,1),N*(CH3),Br~ 25 2.7328 2.7409
157 | (CypH,5),N*(CH3),Br~ 25 3.7545 3.7467
158 | C1oH,1(0C,H)N* (CH3)5Cl™ 25 1.5143 1.5224
159 | C1oH,1(0C,H,),N* (CH3);Cl™ 25 1.6383 1.6466
160" | C;,H,s(0OC,H,)N*(CH3);Cl™ 25 2.1487 2.1409
161 | C;,H,5(0C,H,),N*(CH3);Cl™ 25 2.2840 1.8029
162 | C;gH3,N*(CH3)5Cl™ 25 3.4685 3.4602
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted *
163 | C;oH,Pyr*Cl™ 25 1.1871 1.1796
164 | C;oH,1(OC,H)Pyr*Cl™ 25 1.5918 1.5834
165 | C;oH,1(0C,Hy),Pyr*Cl” 25 1.6778 1.6856
166 | C;,H,s(OC,H)Pyr*Cl™ 25 2.1612 2.1693
167 | C;,H,s(0C,H,),Pyr*Cl™ 25 2.3098 2.3015
168 | C;6H33(0C,H)Pyr*Cl™ 25 3.5376 3.5293
169 | Ci¢H33(0C,H,),Pyr*Cl™ 25 3.7447 3.5626
170 | C;4H,oN*(CH3)3Br~ 40 2.3768 2.3848
171" | Cy4H,oN*(CH3)3Br~ 60 2.2596 2.2681
172" | C;cH33N*(CH3)5Cl™ 30 2.8861 2.8940
173 | C;gH3,N*(CH3)3Br~ 40 3.4685 3.4605
174 | C;,HysPyr*Br~ 10 1.9318 1.9240
175 | Cy,H,sPyr*Br~ 40 1.9508 1.9429
176" | C;,H,sPyr*Cl™ 10 1.7570 1.7647
177" | C;,H,sPyr*Cl™ 40 1.7696 1.7774
Tail 1 Tail 2 Ion-1 Ion-2 Spacer

178" | CgH,5 CgHq PO, (CH3),N* C,H, 25 3.0000 2.9923
179" | CgHy5 Ci0Hyq PO, (CH3),N* C,H, 25 3.9586 3.9669
180 | Ci0H,q CgHi7 PO, (CH3),N* C,H, 25 4.0000 4.0083
181 | CgHy7 Ci2H,s PO, (CH3),N* C,H, 25 4.8539 4.8458
182 | C;,Hys CgHy PO, (CH3),N* C,H, 25 4.7447 4.8145
183 | Ci0H,q Ci0Hyq PO, (CH3),N* C,H, 25 4.8861 4.8780
184" | CgHy5 Ci4Hy9 PO, (CH3),N* C,H, 25 5.2147 5.2096
185" | C14Hoq CgHq PO, (CH3),N* C,H, 25 5.0969 5.1455
186 | C;0H,q Ci,H,s PO, (CH3),N* C,H, 25 4.8861 5.2038
187 | Ci0Hyq Ci4Hy9 PO, (CH3),N* C,H, 25 5.2757 5.2517
188 | C14Hy9 Ci0Hy4 PO, (CH3),N* C,H, 25 5.2596 5.2517

142



Annex

Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted *
Tail 1 Tail 2 lon-1 lon-2 Spacer

189 | Ci,Hyg Ci,H,5 PO, (CH3),N* C,H, 25 5.0458 5.2517
190 | CgH4~ CigH3 PO, (CH3),N* C,H, 25 5.3188 5.3174
191 | CigH3y CgHy7 PO, (CH3),N* C,H, 25 5.2291 5.2370
192 | C;0H,4 Ci6H33 PO, (CH3),N* C,H, 25 5.3010 5.2928
193 | C4Hyg Ci,H,5 PO, (CH3),N* C,H, 25 5.1549 5.2928
194 | C;,H,s C14Hy9 PO, (CH3),N* C,H, 25 5.3665 5.2928
195 | C;,Hys Ci,H,5 (CH3),N* (CH3),N* (CH,), 25 3.0969 3.0891
196" | C;,H,e Ci,H,5 (CH3),N* (CH3),N* (CH,)5 25 3.0269 3.0190
197 | C12Hys Ci,H,5 (CH3),N* (CH3),N* (CH,), 25 2.9318 3.1688
198 | C;,H,s Ci,H,5 (CH3),N* (CH3),N* (CHy)¢ 25 2.9872 3.0227
199 | C;,Hys Ci,H,5 (CH3),N* (CH3),N* (CHy)g 25 3.0809 2.9228
200 | Ci,H,s Ci,H,5 (CH3),N* (CH3),N* (CH,) 10 25 3.2007 3.2087
201 | C;,Hys Ci,H,s (CH3),N* (CH3),N* (CHy) 1, 25 3.4318 3.4514
202 | C;,Hys Ci,H,s (CH3),N* (CH3),N* (CHy) 14 25 3.6990 3.7072
203" | C;,Hye Ci,H,5 (CH3),N* (CH3),N* (CHy)16 25 3.9208 4.0145
204" | CgH,5 CgHy7 (CH3),N* (CH3),N* (CH,); 25 1.8601 1.8519
205" | CgHy5 CgHy7 (CH3),N* (CH3),N* (CH), 25 1.5817 1.5739
206 | CgHq- CgHy; (CH3),N* (CH3),N* (CHy)s 25 1.5800 1.5719
207 | CgHq7 CgHi7 (CH3),N* (CH3),N* (CHy)q 25 1.5986 1.5908
208" | CieH3, Ci6H3, (CH3),N* (CH3),N* (CH,), 25 4.6778 4.6856
209" | Cy6H5, Ci6H3o (CH3),N* (CH3),N* (CH3), 25 4.5686 3.9675
210 | Ci6H3, Ci6H3o (CH3),N* (CH3),N* (CHy)q 25 4.3665 4.3586
211 | Ci4H;, Ci6H3> (CH3),N* (CH3),N* (CH,); 25 4.6021 3.6287
212 | Ci¢H3, Ci6H3, (CH3),N* (CH3),N* (CH,)< 25 4.4437 4.4516
213 | Ci6H3, Ci6H3o (CH3),N* (CH3),N* (CHy)g 25 4.4815 4.0145
214 | Ci4H;, Ci6H3> (CH3),N* (CH3),N* (CH») 1, 25 4.5686 4.3666

143



Annex

Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted *
Tail 1 Tail 2 lon-1 lon-2 Spacer

215" | Cy4H5, Ci6Hs, (CH3),N* (CH3),N* (CH,)1, 25 4.6990 47073
216 | CioHyq Ci0H,1 (CH3),N* (CH3),N* (CHy), 25 2.0565 2.0649
218 | CioHyq Ci0H;1 (CH3),N* (CH3),N* (CH,), 25 2.2076 2.2156
219 | CioHyq Ci0H,1 (CH3),N* (CH3),N* (CH,)5 25 2.1871 2.1955
222 | Ci9Hyq Ci0H,1 (CH3),N* (CH3),N* (CH,)g 25 2.1249 2.1171
223 | Ci9Hyq Ci0H,1 (CH3),N* (CH3),N* (CH,) 10 25 2.3768 2.5565
225 | CeHys CoHy5 (CH3),N* (CH3),N* (CHy)s 25 0.7959 0.8042
226" | CoHqq CyHqq (CH3),N* (CH3),N* (CH,)s 25 1.6021 1.6097
227 | Ci0Hyq C10H;1 (CH3),N* (CH3),N* (CH)s 25 2.0506 2.0426
228 | C;1Hys C11Hy3 (CH3),N* (CH3),N* (CH)s 25 2.5229 2.5145
229 | Ci,H,s Ci2H,s (CH3),N* (CH3),N* (CHy)s 25 2.9586 2.9682
230 | C;3H,, Ci3H,7 (CH3),N* (CH3),N* (CH))s 25 3.3872 3.3795
231 | Ci14Hy9 Ci14Hy9 (CH3),N* (CH3),N* (CH)s 25 3.7447 3.7521
232 | Ci13Hy4 Ci11H,5 (CH3),N* (CH3),N* (CHy)q 25 3.0555 3.0227
233 | Ci14Hy9 Ci0H,1 (CH3),N* (CH3),N* (CHy)q 25 3.0757 3.0227
234" | CieH3, CgHq (CH3),N* (CH3),N* (CHy)¢ 25 3.1249 3.1168
235" | CygH5, CeHiz (CH3),N* (CH3),N* (CHy)q 25 3.2291 3.2210
236" | CgHy; CgHq7 (CH3),N* (CH3),N* (C,Hy)),NCH; |25 1.5086 1.5983
237 | CyHqq CyHqq (CH3),N* (CH3),N* (C,H),NCH; |25 1.7447 1.7368
238 | CioH, Ci0H,1 (CH3),N* (CH3),N* (C,H)),NCH; |25 2.0757 2.0835
239 | C11Hy3 Ci1Hy3 (CH3),N* (CH3),N* (C,Hy)),NCH; |25 2.5229 2.5146
240 | C;,H,s Ci,H,s (CH3),N* (CH3),N* (C,H),NCH; |25 2.9586 2.9639
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Tail 1 Tail 2 lon-1 lon-2 Spacer
241 | C;3H,, Cy3H,, (CH3),N* (CH3),N* (C,H,),NCH; |25 3.4815 3.4116
242 | C4Hyq Ci4Hoo (CH3),N* (CH3),N* (C,H,),NCH, |25 3.9208 3.8744
243 | C;5Haq CysHaq (CH3),N* (CH3),N* (C,H,),NCH; |25 4.3665 4.3748
244 | Cy¢Has Ci6Has (CH3),N* (CH3),N* (C,H,),NCH; |25 4.9208 4.9128
245 | CgHyy CeHy, (CH3),N* (CH3),N* (C,H,),0 25 1.3565 1.1276
246 | CoHyq CoHyo (CH3),N* (CH3),N* (C,H,),0 25 1.6576 1.6656
247 | CyoHyq CioHa1q (CH3),N* (CH3),N* (C,H,),0 25 2.1135 2.0940
248 | C;1Hys Cy1Hoys (CH3),N* (CH3),N* (C,H,),0 25 2.5850 2.5766
249 | Cy,Hys CyoHys (CH3),N* (CH3),N* (C,H,),0 25 3.0000 3.0828
250 | Cy3H,, Cy3Hy, (CH3),N* (CH3),N* (C,H,),0 25 3.4203 3.5072
251 | C4Hyq Ci4Hoo (CH3),N* (CH3),N* (C,H,),0 25 3.7212 3.7131
252 | Cy¢Has CysHas (CH3),N* (CH3),N* (C,H,),0 25 3.1938 3.2014
253 | C4Hys CeHys (CH3),N* (CH3),N* (C,H,),S 25 0.8861 0.8781
254 | CgHyy CeHy; (CH3),N* (CH3),N* (C,H,),S 25 1.4318 1.4394
255 | C1oHoq CioHoq (CH3),N* (CH3),N* (C,H,),S 25 2.2076 2.1992
256 | C;oHys Cy,Hys (CH3),N* (CH3),N* (C,H,),S 25 3.0177 3.0254
257 | C14Hy C14Hoo (CH3),N* (CH3),N* (C,H,),S 25 4.0000 4.0887
258" | C1¢Has CyoHaz (CH3),N* (CH3),N* (C,H,),S 25 5.0132 5.1763
259 | CgHzs CigHs7 (CH3),N* (CH3),N* (C,H,),S 25 6.0000 5.9921
260 | CyoHoq [ (CH3),N* (CH3),N* CH,C = CCH, |25 2.8570 2.8487
261 | CgHy, CgHy, (CH3),N* (CH3),N* CH,C = CCH, |25 1.5935 1.6012
262 | CyoHys Ci,Hos O O CH,C = CCH, |25 3.0506 3.0589
/N\ /N\

263" | CyoHys C12Hos e e CH,C = CCH, |25 3.0410 3.0494
264 | CgHyy CgH;; e e CH,C = CCH, |25 1.4634 1.8067
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Observed Predicted ?
Tail 1 Tail 2 lon-1 lon-2 Spacer
265 | CgHy, CgHy; CH,C = CCH 25 1.3206 1.3289
/ N\ _ / N\ _
266 | CyoHyy CioHae e < CH,C = CCH, |25 2.2757 2.1636
267 | CyoHyy CioHa1 CH,C = CCH, |25 2.2248 2.2168
N N
/\ /\
268 | Ci4Hqo C14Hoo e < CH,C = CCH, |25 3.8861 3.8782
269 | CgHy, CgH,; (CH3),N* (CH3),N* A©A 25 1.6459 1.1140
270 | CgHy, CeH,, (CH3),N* (CH3),N* 6 25 1.6289 1.6370
271 | CgHy, CgHy, (CH3),N* (CH3),N* A©v 25 1.6108 1.6187
272 | CyoHyy C1oHo1 (CH3),N* (CH3),N* ((CH,CH(OH)), | 25 2.4318 2.4237
273" | CyyHys Ci,Hys (CH3),N* (CH3),N* ((CH,CH(OH)), | 25 3.1549 3.1631
274 | Ci4Hpo C14Hpo (CH3),N* (CH3),N* ((CH,CH(OH)), | 25 4.0706 4.0624
275" | CieHas Ci6Hss (CH3),N* (CH3),N* ((CH,CH(OH)), | 25 4.3010 4.0225
276t C10H21 CIOHZI | \N+ | \N+ (CH2)4_ 25 25702 25785
277 Clezs C12H25 | \N+ | \N+ (CH2)4 25 32518 32437
X X
278 | CyoHyy CioH>1 @N . @N . (CH,)¢ 25 2.6990 2.7071
X X
279 | CyoHys Ci,Hos @N . @N . (CH,)¢ 25 3.2676 3.2597
280 | CypHys Ci2Hps (CH3),N* (CH3),N* (C,H,0),C,H, |25 3.0362 3.0282
281 | CyyHys Ci,Hys (CH3),N* (CH3),N* (C,H,0):C,H, |25 3.0655 3.0734
282 | CyyHys Ci,Hys (CH3),N* (CH3),N* (C,H,0),C,H, |25 3.0458 3.0470
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283 | Ci2Hys Ci,H,5 (CH3),N* (CH3),N* (C,H0)sCoH, | 25 2.9101 3.0226
284 | C14Hy9 Ci4Hy9 (CH3),N* (CH3),N* (CH,)q 25 3.8013 3.7937
285" | CgH{,(0C,H,)sOH 25 2.0362 2.0400
286 | C;,H,s0C,H,OH 25 4.6380 4.6298
287 | C4,H,5(0C,H,),0H 25 4.2596 4.2675
288 | C1,H,5(0C,H,);0H 25 4.2840 4.2763
289" | C;,H,:(0C,H,),OH 25 4.1938 4.2104
290 | Cy,H,5(0C,H,)sO0OH 25 4.1938 4.0989
291 | C4,H,5(0C,H,),0H 25 4.0862 3.9851
292 | C1,H,5(0C,H,)gOH 25 3.9626 3.9654
293 | C;,H,5(0C,H,)oOH 25 4.0000 3.9577
294 | C,H,5(0C,H,),,0H 25 3.8539 3.9743
295 | C,H,5(0C,H,),30H 25 4.2218 4.2297
296 | Ci3H,,(0C,H,),OH 25 4.0993 4.5256
297 | C13H,7(0C,H,)1,0H 25 3.9370 4.4380
298 | Ci6H33(0C,H,),0H 25 7.1739 6.8950
299" | C;¢H33(0C,H,)OH 25 5.7799 5.7719
300 | C;6H33(0C,H,),0H 25 5.7696 5.7415
301 | Ci6H33(0C,H,)g0H 25 5.9210 5.7142
302 | CygH33(0C,H,)1o0H 25 5.6990 5.6547
303 | C;6H33(0C,H,)150H 25 5.5086 5.5008
304 | Ci¢H33(0C,H,),00H 25 5.1549 5.3866
305" | C,gH3,(0C,H,),0H 25 6.6021 6.6100
306 | CygH3,(0C,H,)190H 25 5.5229 6.0381
307 | CigH37,(0C,H,),00H 25 5.2441 5.4513
308 | CygH3,(0C,H,),,0H 25 5.4089 5.4008
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309 | CgH,,CHCHCgH,,(0C,H,),0H 25 1.6048 1.6127
310 | CgH1,CHCHCgHx(0C,H,)1o0H 25 3.0269 3.0348
311" | C;;H3,0C(0C,H,)g0H 25 3.4283 3.4203
312 | CgH.7,CcHL(OC,H,),0H 25 4.3050 3.7319
313 | CgH,7,CcH,L(OC,Hy)30H 25 4.0132 4.0053
314 | CgH,,C,H,L(OC,H,),OH 25 3.8861 3.8778
315" | CgHy,C¢H4(0OC,H,)sOH 25 3.8239 3.7694
316 | CgH.7,CcH,L(OC,Hy)OH 25 3.6778 3.6861
317 | CgH17,CcH4(OC,HY),0H 25 3.6021 3.6157
318 | CgH,7,CcH,L(OC,H,)gOH 25 3.5528 3.5579
319" | CgH,7,CeH,(0C,H,)sOH 25 3.5229 3.5147
320 | CgH17,CcHL(OC,H,)190H 25 3.4815 3.4867
321 | CgH,7,CcH,L(OC,H,)300H 25 3.9590 3.9510
322" | CgHy7,C4H4(0OC,H,) 4oOH 25 4.1190 4.1270
323" | CoH19CcH,(OC,H,),0H 25 3.3770 3.3852
324 | CoH,9C¢H,L(OC,H,)sOH 25 3.3280 4.4401
325 | CoH19C¢H4(OC,H,)(OH 25 4.1249 4.1169
326 | CoH4CcHW(OC,H,)1,0H 25 3.3010 4.0327
327 | Tween-65 25 6.7447 6.7366
328 | Tween-85 25 6.5376 6.5297
329 | Tween-60 25 4.6778 4.4795
330 | Tween-80 25 5.0000 49922
331 | Tween-40 25 4.6383 4.6467
332 | Tween-20 25 4.3010 4.2929
333 | C;3H,7,(0C,H,),0OH 25 4.1602 4.7446
334 | C43H,,(0C,H,)sOH 25 4.1191 4.6107
335" | C;3H,,(0C,H,),0H 25 4.0931 4.4785
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336 | C;3H,,(0C,H,)g0H 25 4.0706 4.4539
337 | CcH13(0C,H,)30H 25 0.9800 0.8956
338 | C¢H.3(0C,H,),OH 25 1.0320 1.0401
339 | CcH13(0C,H,)sOH 25 1.0170 1.0249
340" | CcHy3(0C,H,)OH 20 1.1308 1.1389
341" | CgH,,(0C,H,),OH 25 2.0630 2.0712
342 | CgH.7,(0C,H,),OH 25 2.0044 1.9962
343 | CyoH,1(0C,H,),OH 25 3.1675 3.1753
344" | C;oH,,(0C,H,)sOH 25 3.1192 3.1079
345 | CyyH,;(0C,H,),OH 25 3.0458 3.0540
346' | C;,H,5s(0C,H,),OH 25 4.0605 4.0522
347" | C14Hy9(0C,H,)OH 25 5.0000 5.0077
348 | CyxH33(0C,H,)9oOH 25 5.6778 5.6855
349 | CLHy(OC,H,)sOH 20 0.0969 0.6587
350 | CgH,,0C,H,OH 25 2.3098 2.3018
351 | CgH17,(0OC,H,)30H 25 2.1249 2.0660
352 | C;oH,1(0C,H,)gO0H 25 3.0000 2.9917
353" | C;;H,3(0C,H,)gOH 25 3.5229 3.4768
354 | Ci4H»9(0C,H,)gOH 25 5.0458 4.9264
355 | C;sH31(0C,H,)gOH 25 5.4559 5.3569
356 | C;¢H33(0C,H,),0H 25 5.6383 5.5906
357 | C;¢H33(0C,H,),,0H 25 5.4089 5.3682
358" | CgH{;CeH,(C,H,0),0H 25 3.8861 3.8942
359 | (CH3),CHCH,(0C,H,)cOH 20 0.0410 0.0491
360 | (C,Hs),CHCH,(0OC,H,)c,OH 20 1.0000 1.0079
361' | (C3H,),CHCH,(0C,H,),OH 20 1.6383 1.6463
362" | (C4H9),CHCH,(0C,H,)OH 20 2.5086 2.5006
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363 | (C4H9),CHCH,(0C,H,)9OH 20 2.4949 2.5027
364 | C¢F13C,H,L(OC,H,),OH 20 3.2147 3.2069
365 | C¢F43C,H,SC,H,(OC,H,),0H 25 2.6021 2.6097
366' | CcFy3C,HSC,H,(OC,H,);0H 25 2.5528 2.7796
367 | C¢F13C,HWSCoHL(OC,HY)sOH 25 2.4318 2.4235
368 | C,F;3C,H,SC,H,(OC,H,),0H 25 2.3188 2.3268
369 | CLkHy(OC,H,);0H 25 0.0090 0.0169
370 | C,LHy(OC,H,)(OH 25 0.1100 0.1181
371" | CgH,7(0C,H,),0H 25 2.3100 2.3018
372 | CgH.7,(0C,H,);0H 25 2.1250 2.0660
373 | CgH.7,(0C,H,)oOH 25 1.8860 1.8943
374 | CoH,9(0C,H,)gOH 25 2.5200 2.5017
375 | C4oH,1(0C,H,);0H 25 3.2220 3.1203
376 | C;oH,,(0C,H,),0H 25 3.0150 3.0168
377 | C;oH,1(0C,H,)9o0OH 25 2.8860 2.9767
378 | C;,H,5(0C,H,)14,0H 25 4.2600 4.0064
379 | C14H,5(0C,H,)o0H 25 5.0460 4.9076
380" | Cy¢H33(0C,H,),,0H 25 5.6380 5.5906
381 | CgH.7,CcH4(OC,HY),0H 25 4.1160 3.8942
382 | CgH;7,OCH,CHOHCH,O0H 25 2.2370 2.2289
383 | CgH;;,CHOHCH,0H 25 2.6380 2.6298
384 | C;(0H,;CHOHCH,OH 25 3.7450 3.7528
385 | CgH;,CHOHCH,CH,O0H 25 2.6380 2.6456
386 | Cy,H,;CHOHCH,CH,0H 25 4.8860 4.8777
387" | C;;H,3C(0)N(C,H,OH), 25 3.5850 3.5772
388 | CoH.4C(O)N((C,H,0)3NCH3), 25 2.2990 1.8184
389" | CoH;4C(0O)N((C,H,0)4NCH5), 25 2.1930 2.2013
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390 | C;1H,3C(O)N((C,H,0),NCH53), 25 3.3980 3.3898
391 | C;1H,3C(O)N((C,H,L0)3;NCHS3), 25 3.2920 3.3002
392 | C;1H,3C(O)N((C,H,0),NCH), 25 3.6110 3.6028
393 | C;,H,sNHCH(CH3)COON (C,H,0),H 25 3.4130 3.4051
394 | C;,H,sNHCH,COON(C,H,0),H 25 3.4740 3.4820
395 | C4,H,sN(CH3)CH,COON(C,H,0),H 25 3.5330 3.5409
396 | Cy,H,sC(O)N(CH3;)C,H,0(C,H,0);H 25 3.2920 3.2999
397 | C;,H,sC(O)N(CH3)C,H,O(C,H,0)gH 25 3.1870 3.1788
398 | C;,H,5C(O)N(CH3)C,H,O(C,HL0)oH 25 3.1250 3.1331
399 | C,F13CH,C(O)N((C,H,0)3CH3)» 25 3.2600 3.2519
400 | CgF,,CH,C(O)N((C,H,0);CH5), 25 4.9210 4.9295
401 | C19F»,1CH,C(O)N((C,H,0)3CH;), 25 6.5230 6.5150
402 | CcFy3C,HW(SC,H,OC,H,),(SC,H,OC,H,),0H 25 4.6380 4.5928
403" | C4F,53C,H,(SC,H,0C,H,),(SC,H,0C,H,),0H 25 4.5850 4.5928
404 | C¢F3C,HW(SC,HL,OC,H,)5(SC,H,OC,H,),OH 25 4.4690 4.4611
405 | H(CF,)4CH,(C,H,0)3CH; 25 2.0970 2.1051
406 | H(CF,)¢(CH,(C,H,0)3CH; 25 3.5230 3.1740
407 | F(CF,)4,CH,(C,H,0)5CH, 25 2.6990 2.6909
408 | F(CF,)¢CH,(C,H,0)3CH; 25 4.0970 4.0894
409 | F(CF,)4C3H,NHC(0)(0C,H,),CH; 25 2.0090 2.0170
410" | F(CF,),C3H,NHC(0)(0C,H,)5CH; 25 2.8540 2.8463
411 | F(CF,)¢(C3H,NHC(0)(0OC,H,),CH, 25 3.8240 3.8160
412 | F(CF,)¢C3H,NHC(0)(0C,H,);CH; 25 4.0460 4.0539
413 | F(CF,)gC3H,NHC(0)(0C,H,),CH, 25 4.6200 4.6280
414 | F(CF,)gC3H,NHC(0)(0C,H,);CH, 25 4.9590 4.9672
415 | C;7H35CO0(CH,CHOHCH,0),H 25 4.4840 4.4764
416 | C;7H35CO0(CH,CHOHCH,0)cH 25 4.5620 4.5702
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417" | C;H35sCO0O(CH,CHOHCH,0),0H 25 4.6760 4.6679
418 | C;1H,3CO00(CH,CHOHCH,0),H 25 4.4020 4.3938
419 | C;1H,3CO00(CH,CHOHCH,0)cH 25 4.4460 4.4541
420" | C{;H,3CO00(CH,CHOHCH,0),,H 25 4.5490 4.5409
421 | CLH9(OC,H,),OH 40 0.1487 0.1569
422 | (CH3),CHCH,(0OC,H,)c,OH 40 0.0706 0.0784
423 | CcHy3(0C,H,)OH 40 1.2840 1.2919
424 | (C,H5),CHCH,(0C,H,)csOH 40 1.0605 2.1393
425 | C19H,1(0C,HY)gOH 15 2.8539 2.8456
426 | C;0H,1(0C,H,)gOH 40 3.1192 3.1130
427 | C;1H,3(0C,H,)gOH 15 3.3979 3.3938
428 | C;1H,3(0C,H,)gOH 40 3.6383 3.6300
429 | C;,H,5(0C,H,),0H 10 4.4202 4.4121
430 | C;,H,5(0C,H,),0H 40 4.4949 4.4873
431 | C;,H,5(0C,H,)30H 10 4.2007 4.1683
432" | Cy,H,5(0C,H,);0H 40 4.2518 4.2437
433 | C4,H,5(0C,H,),OH 10 4.0862 4.0940
434 | C;,H,5(0C,H,),OH 40 4.2291 4.2374
435 | C1,H,5(0C,H,)sOH 10 4.0458 4.0532
436 | C1,H,5(0C,HY)sOH 40 4.2291 4.2208
437 | C;,H,5(0C,H,),0H 10 3.9172 3.9088
438 | C;,H,5(0C,H,),0H 40 4.1367 4.1718
439 | C1,H,5(0C,Hy)gOH 10 3.8069 3.8147
440 | C1,H,5(0C,H,)gOH 40 4.0315 4.1575
441" | C;3H,,(0C,H,)gOH 10 4.4949 4.4866
442 | Cy3H,,(0C,H,)gOH 40 4.6990 4.6683
443 | C14H,9(0C,H,)gOH 15 4.9586 4.9669
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444 | C14H,9(0C,H,)gOH 40 5.1427 5.1345
445" | C,1sH31(0C,H,)gOH 15 5.3872 5.3952
446" | CysH4,(0C,H,)g0H 40 5.5229 5.5307
447 | Octyl-D,L-Glycerol 25 2.2366 2.2289
448" | Octyl Glycol 25 2.3098 2.3018
449 | Octyl-B-D-Glucoside 25 1.6990 1.7343
450 | Octyl-a-D-Mannoside 25 2.2218 1.7343
451 | Octyl-B-D-Galactoside 25 1.7959 1.7343
452 | Decyl-a-D-Mannoside 25 3.6021 3.1467
453" | Decyl-B-D-Galactoside 25 3.1549 3.1467
454" | Dodecyl-a-D-Mannoside 25 4.3010 3.7293
455 | Dodecyl-B-D-Galactoside 25 3.6990 3.7293
456" | 1-O-Butyl-D,L-Xylitol 25 1.2366 1.2272
457" | 1-O-Pentyl-D,L-Xylitol 25 1.4202 1.4326
458 | 1-O-Hexyl-D,L-Xylitol 25 2.0269 2.0346
459 | 1-O-Heptyl-D,L-Xylitol 25 2.0362 2.0284
460" | 1-O-Octyl-D,L-Xylitol 25 2.1739 2.1818
461 | 1-O-Nonyl-D,L-Xylitol 25 2.6778 2.6860
462 | 1-O-Pentanoyl-D,L-Xylitol 25 0.9208 0.9289
463 | 1-O-Hexanoyl-D,L-Xylitol 25 1.2366 1.5528
464 | 1-O-Heptanoyl-D,L-Xylitol 25 2.0000 1.9922
465 | 1-O-Octanoyl-D,L-Xylitol 25 1.7447 1.7527
466 | 1-O-Nonanoyl-D,L-Xylitol 25 2.3565 2.3641
467 | 1-O-Decanoyl-D,L-Xylitol 25 2.7447 2.7366
468 | S-Butyl-1-Thio-D,L-Xylitol 25 0.7447 0.7531
469" | S-Pentyl-1-Thio-D,L-Xylitol 25 1.3372 2.1280
470 | S-Hexyl-1-Thio-L-Xylitol 20 1.9208 1.9992
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471 | S-Octyl-1-Thio-L-Xylitol 20 2.9208 2.9127
472 | S-Decyl-1-Thio-L-Xylitol 20 3.3979 1.9992
473 | S-Hexyl-1-Thio-D-Lyxitol 20 1.7447 2.9127
474 | S-Octyl-1-Thio-D-Lyxitol 20 2.7447 2.7527
475" | S-Hexyl 5-Thio-D-Arabinonolactone 20 2.1739 2.1821
476 | S-Octyl 5-Thio-D-Arabinonolactone 20 3.3188 3.3269
477 | S-Decyl 5-Thio-D-Arabinonolactone 20 44815 3.5576
478 | S-Hexyl 5-Thio-D-Xylonolactone 20 2.3010 2.3512
479 | S- Octyl 5-Thio-D-Xylonolactone 20 3.2757 3.2839
480 | S- Decyl 5-Thio-D-Xylonolactone 20 4.6383 4.6303
481 | 1-Butylhexyl- B-D-Glucoside 25 1.8239 1.8314
482 | 1-Propylheptyl- B-D-Glucoside 25 1.9208 1.8686
483" | 1-Ehyloctyl- B-D-Glucoside 25 2.0706 2.0787
484 | 1-Methynonyl- 3-D-Glucoside 25 2.3468 2.3548
485" | 3,7-Dimethyloctyl- B-D-Glucoside 25 2.3979 2.4064
486 | 3,7-Dimethyloctyl- 3-D-Maltoside 25 2.2757 2.2833
487" | 3,7-Dimethyloctyl- B-D-Maltotrioside 25 2.3010 1.8860
488 | 2-Amino-2-Deoxy-Octyl- f-D-Glucoside 25 1.6383 2.2585
489 | 2-Amino-2-Deoxy-Nonyl- 3-D-Glucoside 25 2.1549 2.8943
490" | N-Decyl-N-Methyl Gluconamide 25 2.8861 2.8943
491 | N-Dodecyl-N-Methyl Gluconamide 20 3.8539 3.8847
492" | N-Tetradecyl-N-Methyl Gluconamide 20 4.6198 4.4459
493 | N-Oleyl-N-Methyl Gluconamide 20 4.4949 4.4869
494" | N-Decyl-N-Methyl Lactobionamide 20 2.6383 2.6459
495 | N-Dodecyl-N-Methyl Lactobionamide 20 3.6021 3.5937
496 | N-Tetradecyl-N-Methyl Lactobionamide 20 4.4437 4.3953
497" | N-Hexadecyl-N-Methyl Lactobionamide 20 5.0315 5.0238
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted *

498 | N-Octadecyl-N-Methyl Lactobionamide 20 5.4815 5.4765
499" | N-Oleyl-N-Methyl Lactobionamide 20 4.2676 4.2594
500 | Dodecanoyl-N-Methylxylamine 25 3.4437 3.4521
501" | Octanoyl-N-Methylglucamine 25 1.1612 1.1691
502 | Nonanoyl-N-Methylglucamine 25 1.6778 1.6860
503 | Decanoyl-N-Methylglucamine 25 2.1739 2.1660
504 | Decyl- -D-Maltoside 25 2.6990 2.7066
505 | Decyl-B-D-Glucoside 25 2.6990 3.1467
506 | Dodecyl- 3-D-Maltoside 25 3.7696 3.9965
507 | Oleyl- -D-Maltoside 25 4.6990 4.7069
508 | Oleyl- B-D-Maltotrioside 25 4.3768 4.3690
509 | Hexyl-D-Maltonamide 25 1.0809 1.0885
510 | Octyl-D-Maltonamide 25 2.2441 2.3263
511 | Decyl-D-Maltonamide 25 2.8861 2.8776
512 | Dodecyl-D-Maltonamide 25 3.5086 3.5167
513 | Decyl-D-Lactobionamide 25 2.8861 2.8776
514 | 6’-O-Dodecanoylmaltose 25 3.4815 3.4893
515 | N-Decanoyl-N-Methyl Lactitolamine 25 2.4815 2.4893
516 | N-Dodecanoyl-N-Methyl Lactitolamine 25 3.3468 3.3385
517 | N-Tetradecanoyl-N-Methyl Lactitolamine 25 4.1675 3.9850
518" | Nonyl- B-D-Glucoside 25 2.1612 2.2759
519 | 6-O-Dodecanoylsucrose 20 3.3372 3.1220
520 | 6-O-Dodecanoylraffinose 20 3.0223 3.0138
521" | 6-O-Dodecanoylstachyose 20 2.6383 2.7421
522 | Octanoyl- B-D-Galactosylamine 25 1.3468 1.3548
523 | Octanoyl- B-D-Glucosylamine 25 1.1549 1.3548
524 | S-Hexyl-1-Thio-L-Ribitol 20 1.9914 1.9992
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Table A.2 Continued
Nos. | Compounds T(°C) pCMC
Observed Predicted *

525 | S-Octyl-1-Thio-L-Ribitol 20 3.4202 2.9127
526" | Methyl-6-O-(N-Heptylcarbamoyl)- a-D-Glucopyranoside 25 1.7100 2.2065
527" | n-Dodecyl- B-D- Glucopyranoside 25 3.7212 3.7293
528 | n-Hexadecyl- 3-D- Maltopyranoside 25 6.2218 6.2140
529" | Hexahedrofarnesyl maltoside 20 4.5258 45179
530 | Dodecyl- a-D- Glucoside 20 4.3768 4.3686
531 | Octyl- B-D- Maltoside 20 1.6345 1.6424
532 | Nonyl- B-D- Maltoside 20 2.1871 2.1948
533 | Tetradecyl- -D- Maltoside 20 4.7773 49315
534 | Hexadecyl- 3-D- Maltoside 20 5.8386 5.8311
535 | Dodecyl- a-D- Maltoside 20 3.9208 3.9125
536 | Heptyl- a-D- Galagtoside 25 1.4881 1.4961
537 | Heptyl- f-D- Galagtoside 25 1.7570 1.4961
538 | Octyl- a-D- Galagtoside 25 1.7258 1.7343
539 | Heptyl- a-D- Mannoside 25 1.5143 1.4961
540" | Nonyl- a-D- Galagtoside 25 2.2840 2.2759
541 | Nonyl - a-D- Mannoside 25 2.3979 2.2759
542 | Heptyl- B-D- Glucoside 25 1.1409 1.4961
543 | N-Octyl-D-Glucuronamide 25 2.4815 2.4736
544 | N-Octyl-D-Galacturonamide 25 2.3979 2.4736
545 | Hexyl- B-D- Glucoside 25 0.6445 0.6526
546 | Hexyl - f-D- Thioglucoside 25 1.0857 1.0941
547 | Heptyl - B-D- Thioglucoside 25 1.5654 1.5576
548 | Octyl - -D- Thioglucoside 25 1.6737 1.6820
549 | Nonyl - £-D- Thioglucoside 25 2.5528 2.4840
550 | Decyl - £-D- Thioglucoside 25 3.0458 3.0538
551 | Octyl - -D- Thiomaltoside 25 2.0862 2.0943
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Nos. | Compounds T(°C) pCMC
Observed Predicted *

552" | Decyl - f-D- Thiomaltoside 25 3.2218 3.2142
553 | 3-O-Octyl-D-Glucose 25 2.8539 2.8462
554 | 3-O-Octanoyl-D-Glucose 25 3.2147 3.2067
555" | 3-O-n-C;,H,s-O-(a-PP-0),-D-Glucopyranose 25 4.3979 4.3899
556 | 3-O-n-C;,H,5-O-(a-PP-O)¢-C,H,-O-C,H,-D-Glucopyranose 25 3.9586 3.9670
557 | 3-O-n-C;,H,5-O-(a-PP-0),-C,H4-O-C,H,-D-Glucopyranose 25 4.3979 4.4062
558" | 3-O-n-C;,Hys-O-(a-PP-0)44-C, H,-O-C, H,-D-Glucopyranose 25 4.6990 4.6912
559" | 6-O-n-C;,H,s-O-(a-PP-0),-C, H,-O-Cy H,-D-Glucopyranose 25 4.3010 3.8738
560 | 6-O-n-C;,H,5-O-(a-PP-0),-C,H,4-O-C,H,-D-Glucopyranose 25 4.5229 45151
561 | Cy,H,50(a-PP-0),C,H,OC,H,OCH,-butane-1,2,3,4 tetrol 25 4.6990 4.6910
562 | Cy,H,50(a-PP-0),,C,H,OC,H,OCH,-butane-1,2,3,4 tetrol 25 4.6990 5.5349
563" | 6-O-n-CgH;,(C¢0sHy4) 25 2.4685 2.4769
564 | 6-O-n-C1gH,1(C¢05H14) 25 3.4318 3.4237
565 | CgH,7,OCH,-butane-1,2,3.,4 tetrol 25 2.1739 2.1818
566' | C;0H,;OCH,-butane-1,2,3,4 tetrol 25 3.0915 3.0834
567 | 3-O-n-CgH,,- D-Glucopyranose 25 2.9208 2.5668
568 | 3-O-n-C;,H,1- D-Glucopyranose 25 3.1079 3.1004
569 | 3-O-n-C;,H,5- D-Glucopyranose 25 3.6383 3.5114
570 | 3-O-n-C;4H,9- D-Glucopyranose 25 3.7447 3.7528
571 | C;oH,yN*(CH3),CH,C00~ 23 1.7447 1.7528
572 | C;,H,sN*(CH3),CH,C00~ 25 2.6990 2.6907
573 | Ci4Hy9N*(CH3),CH,C00~ 25 3.6576 3.6659
574 | Ci¢H3,N*(CH3),CH,C00~ 23 4.6990 4.6911
575" | C;,HysN*(CH5),(CH,);C00~ 25 2.3372 2.6470
576 | Ci,HysN*(CH5),(CH,)sC00~ 25 2.5850 2.5767
577 | C1,HysN*(CH5),(CH,),C00~ 25 2.8239 2.8318
578 | CioHyyCH(Pyrt)C00~ 25 2.2840 2.9619
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Nos. | Compounds T(°C) pCMC
Observed Predicted ?

579 | C1,HysCH(Pyrt)C00~ 25 3.2218 3.2297
580 | C;oH,yN*(CH3)(CH,C.H:)CH,CO0~ 25 2.2757 2.2839
581 | C;,H,sN*(CH3)(CH,CoHs)CH,CO0~ 25 3.2596 2.4810
582" | C;,H,sN*(CH3),(CH,)3S05 25 2.5229 2.5309
583 | Ci4HyoN*(CH3),(CH,)3S03 25 3.4949 3.4869
584 | CgH;,N*(CH3),CH,C00~ 27 0.6021 0.6099
585 | CgH;,CH(COO)N*(CH3), 27 1.0132 1.0212
586 | CgH;,CH(COO™)N*(CH3)4 60 1.0655 1.0732
587 | C1oH2;CH(COO™)N*(CH3)4 27 1.8861 2.1187
588" | C;,H,sCH(COO™)N*(CH3), 27 2.8861 2.8781
589" | p — C;,H,sPyr*tC00~ 50 2.7212 2.7131
590" | m — Cy,H,sPyrtC0O0~ 50 2.8239 2.8156
591 | Cy4H,oCH(Pyr*)C00~ 40 4.1308 4.1232
592 | C;oH,yN*(CH3)(CH,C,Hs)CH,CO0™ 40 2.3565 2.3649
593" | C;oHyyN*(CH3)(CH,CcH:)C,H, S0 40 2.3372 2.3451

178-284 di-bromide Gemini surfactants, Pyr™ :pyridinium, ' the compounds were in the test set, and the rest were in the training set, pCMC values predicted
by DA-SVR model
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Table A.3 Weights and bias between input and hidden layer.

Annex

J W;, Wi, W3 Wi, Wis W;e W, W;g W;q Wiio Win W1z W3 Wiia Wiss b;
1 -0.0436 -1.1112 1.0772 -0.9539 -0.0225 -0.7530 -0.4353 -0.4585 -0.0968 0.5681 -0.2310 -1.0391 0.3588 0.0579 0.5066 -0.0404
2 -0.1581 1.4168 -0.8784 03794 -0.4771 0.4291 0.6731 0.1263  0.2820 -0.0257 0.0512 -0.3597 -0.3589 0.3470 0.1897 0.2412
3 -0.0239  0.6647 0.3799 -0.6923 -0.8288 0.2211 0.3899 0.5898 -0.2002 -0.7846 0.3648 -0.5412 -0.3917 -0.0086 0.0653 0.0394
4 1.1252  -1.2401 0.7080 0.1303 0.1198 -0.1617 -0.3487 -0.5382 -0.3663 -0.1821 0.6153 1.2523 -0.5850 -0.2897 0.1449 0.7050
5 -0.1115  0.5510 -0.0649 0.4721 0.2652 0.2758 0.5349 -1.2269 -0.5439 0.3821 0.2202 0.9440 -0.1439 0.2535 -0.0187 0.6070
6 -0.2956 -0.1130 -1.3200 -1.0503 0.8023 0.1090 0.3248 0.4289 0.3880 0.7905 0.3967 -0.0613 -0.5818 0.1274 -0.0391 0.0957
7 1.0659 -0.1079 -0.7503 -0.6031 0.5220 -0.0536 0.2135 1.7801 -0.0637 0.8271 -0.5463 0.2731 0.2886 -0.4789 0.1935 1.5688
8 0.3835 -0.5331 -0.2412 -0.0669 0.5873 0.0430 -0.0706 0.3147 0.4101 1.1515 0.6632 -0.4847 -0.8299 1.1094 0.1172 0.6817
9 0.8836  0.4952 04958 0.0552 0.7458 -0.0497 -0.0421 -0.2660 -0.4012 0.6598 -0.5374 -0.4473 0.2037 1.1221 0.0408 0.3083
10  -1.5633 -0.3284 -0.3712 -0.0242 -0.0330 0.0934 0.1552 09712 0.0858 0.6320 0.1800 0.0928 0.2864 -0.7698 -0.0119 -0.8114
Table A.4 Weights and bias between hidden and output layers.
Wia Wiz Wis Wi Wis Wie Wi Wis Wio Wi b,
-1.1056 -1.5484 1.4467 -1.5142 1.5129 -1.4354 1.6972 1.6063 -1.6555 -1.5340 -0.5226
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