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Abstract: QSPR models for predicting critical micelle concentration of
Gemini surfactants.

The aim of this work is to model the logarithm of the critical micelle concentration
(CMC) of 120 diverse Gemini surfactants using quantitative structure-property relationship
(QSPR) method. The QSPR was developed using the AlvaDesc/AlvaModel software which
provides several machine learning methods and molecular descriptors sets as tools to build the
QSPR models.

To build this QSPR model, we used three main different linear regression modeling
techniques which have been tested by relating the CMC values to their structural
characteristics. Least Squares model (OLS), K-Nearest Neighbors regression model (KNN),
Consensus model and Partial least squares (PLS). To achieve this process, we adopted a
methodology consisting of 4 main steps summarized as follows:

» Step 1. Collecting and developing data set from previous published literature

containing 120 Gemini compounds including their CMC values.

» Step 2: Transferring these compounds into the HYPERCHEM software and then
uploading them into the AlvaDesc software in order to calculate the relevant QSPR
descriptors and fingerprints.

» Step 3: Using the four models to develop the QSPR model.

a) Regular Minor Squares (OLS) model.

b) Regression model K-nearest neighbor (KNN).
c) Consensus Form.

d) Less Partial Squares (PLS).

> Step 4: results comparison which demonstrates that the OLS model is the best for
predicting the CMC of Gemini Surfactants.

Keywords: Quantitative Structure Property Relationship(QSPR), Critical Micelle

Concentration (CMC), Gemini Surfactants.



Résumé : MODELES QSPR POUR PREVOIR LA CONCENTRATION DE
MICELLE CRITIQUE DES TENSIOACTIFS GEMINI.

Le but de ce travail est de modéliser le logarithme de la concentration micellaire critique
(CMC) de 120 tensioactifs Gemini divers en utilisant la méthode quantitative structure-
propriété relation (QSPR). Le QSPR a été développé a l'aide du logiciel AlvaDesc /
AlvaModel qui fournit plusieurs méthodes d'apprentissage automatique et des ensembles de
descripteurs moléculaires comme outils pour construire les modéles QSPR.

Pour construire ce modele QSPR, nous avons utilisé trois principales techniques de
modélisation de régression linéaire qui ont été testées en reliant les valeurs CMC a leurs
caractéristiques structurelles. Modéle des moindres carrés (OLS), modele de régression K-
Nearest Neighbours (KNN), modele de consensus et moindres carrés partiels (PLS). Pour
mener a bien ce processus, nous avons adopté une méthodologie composée de 4 étapes
principales résumées comme suit:

[] Etape 1: Collecte et développement d'un ensemble de données & partir de la littérature
publiée précédente contenant 120 composes Gemini, y compris leurs valeurs CMC.

[] Etape 2: Transférer ces composés dans le logiciel HYPERCHEM puis les télécharger
dans le logiciel AlvaDesc afin de calculer les descripteurs et empreintes digitales QSPR
pertinents.

[] Etape 3: Utilisation des quatre modeéles pour développer le modéle QSPR.

a) Modele de carrés mineurs réguliers (OLS).

b) Modeéle de régression K-plus proche voisin (KNN).

c¢) Formulaire de consensus.

d) Moins de carrés partiels (PLS).

[] Etape 4: comparaison des résultats qui démontre que le modeéle OLS est le meilleur

pour prédire la CMC des tensioactifs Gemini.

Mots-clés: Relation de propriété de structure quantitative (QSPR), concentration

micellaire critique (CMC), tensioactifs Gemini.
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INTRODUCTION:

Chemistry is a sub discipline of science that deals with the study of matter and the
substances that constitute it. It focuses primarily on the atoms, ions, and molecules that in turn
constitute elements and compounds. It branches into several types, including surface
chemistry, which in turn deals with the study of phenomena that occur on the surfaces or
interfaces of materials, such as adsorption, heterogeneous catalysis, colloidal formation,
corrosion, crystallization, solubility, and electrode processes. Surface chemistry has been used
by humans for a long time, in the Sumerian and Egyptian civilizations, through soap and
washing. Then it manifested itself in various scientific fields, not to mention its applications

in industry as well as in daily life.

Surfactants are a broad group of chemicals that play important and vital roles in a great
variety of fields. Applications as diverse as cleaning, food, metallurgy, pharmacy, medicine,
paints, mining, and many others utilize the characteristic properties provided by the
surfactants .This mode of action is directly related to their chemical structure. All surfactants
have in common an asymmetric skeleton with a hydrophobic and a hydrophilic moiety. The
hydrophobic part generally consists of a linear or a branched alkyl chain, which is then linked

to a hydrophilic group.

In addition to, there is Gemini surfactants sometimes called dimeric surfactants, are a
kind of novel surfactants containing two hydrophobic tail-groups and two hydrophilic head-
groups, which are covalently connected through a spacer at or near the two head-groups. In
contrast to conventional surfactants that generally have a single hydrophilic head group and a
single hydrophobic group in the molecule. Gemini surfactants can be ten to a thousand times
more surface active than conventional surfactants with similar but single, hydrophilic and

hydrophobic groups in the molecules.

These surfactants have attracted considerable attention from researchers on account of
their attractive properties in contrast to their single-chain analogues, such as high aqueous

solubility and viscosity, low critical micelle concentration (CMC), unique micelle structure
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and aggregation behavior, high efficiency in decreasing the surface tension of water solutions
and so forth.

However, critical Micelle Concentration (CMC) is the key point for surface chemistry
as well as chemist and systematic data collection and day-to-day development in this regard is
very essential. The CMC concentration is defined as the concentration of surfactants on which
the micelles form and all the surfactants added to the system go to the micelles. So CMC is an
important surface property. Moreover, determining the CMC of Gemini surfactants is of great
importance and has attracted many interests; their measuring with traditional experimental
methods is often a laborious and money-consuming task. For that, it is needed to predict the

CMC of numerous Gemini surfactants by theoretical chemistry methodologies.

Consequently, studies on quantitative structure-property relationships (QSPRs) of
surfactants and understanding of the effects of molecular structures on their functions and
properties are becoming increasingly important. The QSPR is a successful strategy for
prediction of surfactant properties based on modeling between calculated descriptors from
molecular structures of the surfactants and chemical or physical properties of the solution.
The calculated descriptors are such as topological indices, geometrical descriptors, some
theoretical indices, single structural descriptors like constitutional descriptors, functional
groups, aromaticity indices...etc. After calculating the descriptors, the most feasible ones were
selected and a linear or nonlinear method can be used to develop a model between the

selected descriptors and one or more particular properties.

In QSPR modeling different computational techniques have been used, such as multiple
linear regression (MLR), PLS, ANN, SVM and Anfis. To the best to our knowledge, a few
research papers have investigated the modeling techniques of Gemini surfactants based of
relevant descriptors.

In this investigation, we discuss the role of QSPR model to identify the relation between

the molecular structure and algorithm critical micelle concentration (CMC) of 120 Gemini

surfactants.
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For this reason we relied on the following chapters:

o Chapter One: Definition of surfactants in chemistry, industry and

microbiology. Their types, classification, applications property and micelles.

o Chapter Two: We provide a theoretical overview of the different structural

modeling methods used in our work. In addition to the softwares used in QSPR and

their applications.

e Chapter three: result of modeling the CMC of 120 Gemini surfactant aided QSPR
descriptors and fingerprint with the tested models (PLS - KNN —-OLS and
consensus )

e And finally a summarized conclusion which demonstrates that the OLS is the best

for predicting the CMC of Gemini surfactants.
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Chapter | SURFACTANTS

|.1.Introduction:

Surfactants form a unique class of chemical compounds. This chapter provides an
introduction to the nature and physical properties of surfactants, emphasizing their ability to
radically alter surface and interfacial properties and to self-associate and solubilize
themselves in micelles. These properties provide the means to apply surfactants in
wettability modification, detergency, and the displacement of liquid phases through porous
media on one hand, and to stabilize dispersions (including foams, froths and emulsions), or
to destabilize dispersions (again including foams and emulsions) on the other hand. These in
turn lead to a vast array of practical application areas which are illustrated in terms of
mineral and petroleum processing, biological systems, health and personal care products,

foods, and crop protection.[1]

1.2.Definition:

Surfactant is shorthand for surface active agent. Surfactants are organic chemicals that,
when added to two liquids, a gas and a liquid,or between a liquid and solid change their
interfacial properties. They may also act as detergents, wetting agents, emulsifiers, foaming

agents and dispersants.[2]

Surfactants are usually amphiphilic organic compounds, meaning they contain both
hydrophobic groups (their "tails") and hydrophilic groups (their "heads™). Therefore, they are
soluble in both organic solvents and water. Due to their unique amphiphilic structures,
surfactants have been widely used in traditional industries.

The lipophilic part of the structure usually consists of hydrocarbon groups, in a simple
case, it is one long alkyl chain, typically with more than ten carbon atoms. The hydrophilic

part of the structure may be represented by non-ionic polar groups or ionic groups.[3]

Hydrophilic head

\Nﬁ

= e
T o

Hydrophobic tail

Figure I-1: Schematic representation of a typical surfactant molecule.[4]
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1.3.Types of surfactants:
SAA’S compounds are classified into the following different classes:

1- lonic surfactants: can be categorized into two main groups, such as cationic
and anionic. Cationic surfactants after dissociation in environment give positive
charged ions. They exert a strong toxic effect on environment as they are adsorbed
strongly on the soil surface and lead to biodegradability. Anionic surfactants cause
the major water pollution as they are widely used in the detergents and soap
industries. They discharge negatively charged ions into the environment.

2- Non-ionic surfactants include those surfactants, which cannot undergo
dissociation as they contain head and tail groups only and not containing the
counter-ions, the example of non-ionic surfactant is nonylphenol shown in Figure
1-2.[5]

OH

HsC CHj
CH; CHj
Figure 1-2:A Non-ionic Surfactant nonylphenol.[6]

Surfactants are also classified depending on their solubility, such as hydrophilic
surfactants that are soluble in water or hydrophobic (lipophilic) surfactants that are soluble in
lipids. lonic surfactants are generally hydrophilic surfactants, but nonionic surfactants can be
either hydrophilic or lipophilic, depending on the balance of the hydrophilic group and
lipophilic group. In other words, the solubility of nonionic surfactants depends on the balance
between the hydrophilic group’s capacity of attracting water and the lipophilic group’s
capacity of attracting oil.[7]

From the commercial point of view surfactants are often classified according to their
use. However, this is not very useful because many surfactants have several uses, and
confusions may arise from that. The most accepted and scientifically sound classification of
surfactants is based on their dissociation in water or on electric charge in relative hydrophilic
heads.[8]
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1.3.1Anionic Surfactants

Anionic surfactants carry a negative charge on their hydrophilic head, thereby providing
excellent detergency properties due to their uncanny ability to bind to positively charged
particles, such as dirt and oils, lifting and suspending these particles in a micelle-like
structure. Once in the micelle, the dirt and grime can be swept away and down a drain via an

aqueous solution, leaving your home and work place spick and span.[9]

1.3.2.Nonionic Surfactants:

Nonionic surfactants are one of the more commonly used surfactants in industry. A
nonionic surfactant is a type of surfactant that does not carry a charge on its hydrophilic head
group and is therefore milder in nature. Due to the mildness associated with nonionic
surfactants, they are commonly used throughout the home and personal care markets, as well

as the agrochemical industry.[9]

1.3.3Cationic Surfactants:

Unlike anionic surfactants, cationic surfactants carry a positive charge on their
hydrophilic head group, which makes them useful in antistatic products such as fabric
softeners and hair conditioners. The positively charged polar head group is deposited onto the
slightly negatively charged surfaces of hair or of fibers of textiles. Furthermore, the positive
nature of cationic surfactants is known to aid in disrupting the bacteria cell membrane,
making cationic surfactants useful as antimicrobial agents and are commonly found in hard-

surface cleaners and disinfectants.[9]

1.3.4.Amphoteric Surfactants:

Amphoteric surfactants are zwitterionic, meaning they carry both a positive and a
negative charge on their polar head-group, thereby making the overall net charge zero.
Generally speaking, amphoteric surfactants have low toxicity, low eye and skin irritation, are
tolerant to hard water, and exhibit excellent foaming and compatibility with other
surfactants.Due to this unique characteristic of amphoteric surfactants, they behave differently
depending on the pH of the final formulation — in an acidic environment, amphoteric adopt
more cationic characteristics, while in an alkaline environment, they behave more like an
anionic surfactant. Because an amphoteric to an amphoteric surfactant’s structure, this class of

molecules are compatible will all other classes of surfactants.[9]
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Figure 1.3.Schematic of different types of surfactants.[10]

Table 1.1: Table representing various types of surfactants.[11]
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I.4.Gemini surfactants:

Surfactants show interesting interfacial and bulk properties and have a wide variety of
uses, which are mostly met by conventional representatives. Changes in the molecular
structure and type to improve upon their properties have attracted the attention of chemists.
This has led to the preparation of new generation surfactants such as Geminis.

In 1990s the search of newer surfactants and preparation started with bis-surfactants,
which were later termed as “Gemini surfactants”. Geminis is a class of surfactants which
possess more than one hydrophobic tail and hydrophilic head group. Conventional
surfactants have a single hydrophobic tail connected to an ionic or polar head group
whereas Gemini surfactants has in sequence a long hydrocarbon chain, an ionic group, a
spacer, a second ionic group and another hydrocarbon tail.

In Geminis the hydrocarbon tail can be short or long, the polar group can be anionic,
cationic, nonionic and zwitterionic and the spacer group can be polar or non- polar, rigid or
flexible. On the basis of polar head group Gemini are classified in cationic, anionic, non-
ionic and zwitterionic Gemini surfactants, out of which anionic Gemini surfactants have an

important place.[12]

tail ion spacer ion tal

/\/\/\/\/\_O__O/\/\/\/\/\

Figure 1.4.Schematic Representation of Gemini Surfactant.[12]

1.4.1. Characteristics of Gemini surfactant:

Gemini surfactants are a new class of surfactants that comprise of two anionic head
groups and two hydrophobic tails separated by a spacer group. They are characterized by:
- Gemini surfactants have low CMC values and show extraordinary surface activity.
- These surfactants have good water solubility and their ability to form micelles and lowering
surface tension characteristics are fairly good as compared to conventional anionic
surfactants.
- These surfactants have excellent lime soap dispersing ability (LSDA) too.
- Because of their higher surface activity these surfactants are used as promising surfactants in

industrial detergency and emulsification.
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- These surfactants are cost effective in area such as laundry detergent compositions, soil

clean up, enhanced oil recovery and hydrotropic agents.[12]

1.4.2. Structure:

Some structural features of anionic Gemini surfactants are given below:
-All Gemini surfactants have at least two hydrophobic chains and two anionic

groups(carboxylate, sulfonate, sulfate,phosphateetc.).

- Spacer can be polar(polyether)or nonpolar (aliphatic or aromatic), rigid or flexible
- Spacer length can be short or long.[12]

CH3cH3coo.

H3C \/\/\/\/\/\/ 0\/@
n

n

+

CH3cH3coo0.

Figure 1.5.Chemical-structure-of-the-gemini-surfactant-1-1-1-4-butan.[12]

1.4.3.Solubilization:

Solubilization is an important phenomenon required in tertiary oil recovery and
detergency, as both are involved phenomenon of homogenizing.Geminis are better
solubilizers due to very low CMC values. Many organic compounds that are normally
insoluble in water, or only slightly soluble, dissolved to a greater extent in the presence of
micellar surfactant. The increased solubility (to form thermodynamically stable and
isotropic solutions) is called solubilization. A few aspects of solubilization are discussed
here:

a. The location within the micelles of a solubilized compound depends upon its
structure. Saturated hydrocarbons concentrate at the micellar core. A single functional
group, however, shifts the additives solubilization site to the interfacial region made up of
head groups, the first few methylene groups of the chain and water.
b. Even nonpolar aromatic moieties prefer to the interfacial region.

¢ Increase in the surfactant chain length increases the solubilization power.
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d. Branching of the surfactant chain length tends to diminish solubilization power.
e. For a given chain length solubilization by micelles of different charge types usually
follows:

-The sequence is nonionic > cationic > anionic

-The water solubility of some dicarboxylate Gemini surfactant in hard water have been
reported to be greater than that of comparable sodium carboxylates.

Krafft point temperature is the characteristic temperature at which the solubility of the
surfactant becomes equal to CMC. For surfactant to be considered soluble their Krafft

point temperature has to be below room temperature. [12]

1.4.4 Critical micelle concentration:

Critical Micelle Concentration (CMC) is the key point for surface chemistry as well as
chemist and systematic data collection and day-to-day development in this regard is very
essential.[13]

In chemistry, the critical micelle concentration (CMC) is defined as the concentration of
surfactants above which micelles are spontaneously formed. Upon addition of surfactants into
a system, they will initially partition into the interface, reducing the system free energy by
lowering the energy of the interface and by removing the hydrophobic parts of the surfactant
from contacts with water. When the surface coverage by the surfactants increases and the
surface free energy (surface tension) has decreased, the surfactants start aggregating into
micelles, thus again decreasing the system free energy by decreasing the contact area of
hydrophobic parts of the surfactant with water.[3]

The most important parameter for measuring the surface activity of a surfactant is the
determination of critical micelle concentration (CMC) values. The CMC is considered the
ideal surfactant; the CMC values should be as low as possible. The CMC is the most
important parameter of surfactant in solution; because it can be correlated with industrial
characteristics of surfactant such as viscosity, foam stability, detergency, and dispersion
ability. The CMC value depends on many factors including temperature, pH, pressure,
additive presence, and molecular structure of surfactants. Usually, the CMC of surfactants is
determined using experimental techniques, such as conductometry, fluorescence emission

spectroscopy, cyclic voltammetry, NMR spectroscopy,tensiometry, etc...[14]
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1.5. Natural surfactants:

Natural surfactants or bio surfactants are amphiphilic biological compounds, usually
Extracellular, produced by variety of microorganisms from various substances including
waste materials. There is an increasing interest on this topic because of their unique properties
such as:

e |low toxicity
e functionality under extreme conditions, based on renewable Substances and
biologically degradable nature

The diversity of these molecules supports them for their potential application in the field
of petroleum, medicine, agriculture, food, cosmetics etc. They are also effective in curtailing
green-house effect by reducing the emission of CO..

They can be termed as ‘green’ because of their low toxicity, biodegradability and
relative stability under a wide range of physicochemical environments.

The source may be of either plant or animal origin and the product should be obtained
by some kind of separation procedure such as extraction, precipitation or distillation. No
organic synthesis should be involved, not even as an after-treatment.

In spite of possessing diverse structures and better physicochemical properties than
chemical surfactants, bio surfactants are not able to compete with their synthetic counterparts
because of their high production and downstream costs.

The commercial realization of these ecofriendly biomolecules are restricted by low
productivity, expensive downstream processing and lack of appropriate understanding of the
bioreactor systems for their production. But we expect that in future better reactor design and
product recovery technology would be developed and overproducer microbial strain would be
screened. Then production cost would be decreased and yield would be increased (the
production would be both ecologically and economically favored).[15]

Many examples for this type of surfactants such as:

e Cholesterol: Of animal origin, used in cosmetics, it is used in the composition of

liposomes

e Lecithin: Of vegetable origin (glycerophospho lipid); used in cosmetics as an agent

emulsifiers, it is part of the composition of liposomes

e Saponin: Plant-based, used in cosmetics as foaming agents instead synthetic

surfactants

e Proteins: May be of different origins, used mainly as stabilizers of dispersion. [11]

13 |



Chapter | SURFACTANTS

|.6.Propreties:

1.6.1.Physicochemical properties of surfactants:

A surfactant is characterized by its tendency to adsorb at surfaces and interfaces.
Examples of interfaces involving a liquid phase include suspension (solid-liquid), emulsion
(liquid-liquid) and foam (liquid-vapor). In many formulated products several types of
interfaces are present at the same time.

Another general and fundamental property of surface active agents is that monomers in
solutions tend to form aggregates, called micelles.

Micelles form already at very low surfactant concentrations in water .The concentration
at which micelles start to form is called critical micelle concentration (CMC). [16]

The physical properties include surface tension, osmotic pressure, electrical conductivity and

ability to solubilize non-polar organics in the surfactant solution.[17]

1.6.2. Technological properties:

Surfactants are widely used and many topical pharmaceutical formulations, cosmetics,
antiseptics, shampoos, detergents, creams and lotions contain surfactants. Surface active
products are for to their amphiphilic properties used as emulsifiers, suspending, wetting,
solubilizing and stabilizing exposure. The exposed groups and risk groups often worked in
different service occupations, such as cleaning, hairdressing, home-help service, kitchen,
restaurant work and hospital care but also in different types of industrial production. The most
harmful exposure turned out to be to unspecied chemicals, water, detergents, dust and dry dirt.
The risk of hand eczema is probably further increased if the exposure also involves substances
that can cause allergic contact dermatitis.[16]

However surfactants may be also as :

¢ \Wetting agents: they reduce the tension between a liquid and a solid; so they allow

spread the product better on the skin.

¢ Detergents: they facilitate the elimination of impurities by unchecking them.

e Foaming: they promote the dispersion of a gas in a liquid; and thus allow form foam.

e Dispersants or dispersives: they allow the solubilization of the substance by forming

micelles.

e Dispersant; or they limit the meeting of droplets by creating a repulsion between

them.[11]
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1.7. Emulsions:

Emulsions have been widely used in different industrial processes. The development
and production of good quality emulsions depend on the knowledge of emulsion preparation,
stability mechanisms and rheological studies.[18]

1.7.1. Definition:

An emulsion is a mixture of two immiscible liquid phases where one phase is dispersed
into another. Basically, an emulsion is consisting of a continuous phase which is known as
external phase, where the droplets are dispersed, and a dispersed phase which is defined as
internal or discontinuous phase. Emulsions are found in different industries such as food,
pharmaceutical, agricultural, cosmetics, and petroleum. An emulsion is not contained only
water and oil; it may also contain some solid particles and even gas.

Inherently, an emulsion is an unstable system due to the unfavorable contact between oil
and water phases .Although, some emulsions are stable as a result of the small drop sizes and
the existence of interfacial film, which surrounds the drops.[18]

1.7.2. Types of emulsions:

Emulsions are classified depending upon the nature of the dispersed phase. Essentially, there
are three types of emulsions which are water-in-oil (W/O), oil-in-water (O/W), and complex
emulsions such as water-in-oil-in-water (W/O/W). The complex emulsions also known as a

multiple emulsion. The three types of emulsion are displayed in Figure 1.6.[19]
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Figure 1.6.classification of oil emulsion.[18]

In the case of simple emulsions, droplets of one liquid phase are dispersed in another

immiscible liquid phase. Simple emulsions could be of two types. [20]
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1.7.2.1.Water-in-oil emulsions (W/O):
A water-in-oil emulsion is the type of emulsions which the continuous phase is usually

hydrophobic materials such as oil and the dispersed phase is water.
More than 95% of the crude oil emulsion formed in the oil field are the W/O type . The

W/O emulsions contain three substances such as; a solvent, a surfactant, and water as

demonstrated in Figure 1.7.[18]

Figure 1.7. W/O emulsion and emulsifiers on the surface of the dispersed phase (Water).[18]

In this type, the surfactant is usually soluble in water. A small concentration of soluble
surfactant exists in water in the form of monomers.[21]
1.7.2.2. Oil-in-water emulsions (O/W):

An oil-in-water emulsion is the emulsion in which the oil exists as the dispersed phase
and water as the dispersion medium or continuous phase as shown in Figure 1.8.[18]

Hydrophilic Head

Lipopkilic Tail

Figure 1.8. O/W emulsion and structure of emulsifiers on the surface of the dispersed phase
(Oil).[18]

However, the emulsions of W/O are more common than O/W, thus O/W emulsions are
often pointed as reverse emulsions.Thus, in this class, the surfactant is preferentially soluble

in the oil phase. The aqueous phase is present along with an oil phase rich in the surfactant

(Winsor 11). [21]
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1.7.2.3.Multiples emulsions:

Multiple emulsions are double emulsions, that is, “emulsions of emulsions”, The
globule of a multiple emulsion itself contains one or more smaller droplets inside. The size of
a multiple emulsion globule is significantly larger than the size of the internal droplets
especially when there are present a number of internal droplets.

Multiple emulsions are often classified into three groups depending on the number of
internal droplets present in the multiple emulsion globules:

1. Type A multiple emulsion: where the multiple emulsion globule consists of

only one large internal droplet, that is, the multiple emulsion globule is of “coreshell”.

2. Type B multiple emulsion: where the multiple emulsion globule consists of

several small internal droplets.

3. Type C multiple emulsion: where the multiple emulsion globule consists of a

large number of internal droplets.

Multiple emulsions (types A, B or C) can be further classified as either oil-in-water-in-
oil (O/W/QO) multiple emulsion or water-in-oil-in-water (W/O/W) multiple emulsion. In the
case of an O/W/O multiple emulsion.[20]

ConsequentlyMultiple emulsions (or double emulsions) are very complex dispersion systems

which are characterized by a low thermodynamic stability. [22]

1.7.3. Examples of Emulsions :

« Oil and water mixtures are emulsions when shaken together. The oil will form drops
and disperse throughout the water.

« Egg yolk is an emulsion containing the emulsifying agent lecithin.

« Crema on espresso is an emulsion consisting of water and coffee oil.

« Butter is an emulsion of water in fat.

« Mayonnaise is oil in water emulsion that is stabilized by the lecithin in egg yolk.

« The photosensitive side of photographic film is coated with an emulsion of silver
halide in gelatin.[23]
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1.7.4. Micro-emulsion:

Micro-emulsion ITUPAC defines micro-emulsion as dispersion made of water, oil, and
surfactants that is an isotropic and thermodynamically stable system with dispersed domain

diameter varying approximately from 1 to 100 nm, usually 10 to 50 nm.[24]

1.7.5. Emulsion formation:

The process of emulsion formation is called “emulsification”. Emulsification is a
dynamic and nonspontaneous process, and energy is required to produce the droplets. The
emulsification process usually requires a considerable amount of mechanical energy, to
disperse one of the liquids in the form of small droplets in the continuous phase. There are

several methods of emulsification including:

e Simple shaking, mixing with rotor-stator systems

e Liquid injection through porous membranes, or high pressure homogenizers and
ultrasound generators. To break up a droplet into smaller sizes, the form of the droplet
must be changed and this deformation occurs during the shearing or stirring of the

emulsion. The process of droplet deformation and breakup is shown inFigure 1.9.[18]

0-0-0-0-00

a) b) ¢) d) e)

Figure 1.9. Droplet deformation during the emulsification process.[18]

For the formation of an emulsion three conditions are necessary:

. Immiscibility between phases of the emulsion.
. Agitation to disperse one liquid in another.

. Existence of surfactants.[18]
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1.7.6. How Emulsifications works:

There are a few mechanisms that may be involved in emulsification:

. Emulsification may occur when the interfacial surface tension between two
liquids is reduced. This is how surfactants work.

. An emulsifier may form a film over one phase in a mixture to form globules
that repel each other, allowing them to remain evenly dispersed or suspended.

. Certain emulgents increase the viscosity of the medium, making it easier for
the globules to remain suspended. Examples include the hydrocolloids acacia and

tragacanth, glycerine, and the polymer carboxymethyl cellulose.[23]

1.7.7. Emulsifier Definition :

A substance that stabilizes an emulsion is called an emulsifier or emulgent. Emulsifiers
work by increasing the kinetic stability of a mixture. Surfactants or surface active agents are
one type of emulsifiers. Detergents are an example of a surfactant. Other examples of
emulsifiers include lecithin, mustard, soy lecithin, sodium phosphates, diacetyl tartaric acid

ester of monoglyceride (DATEM), and sodium stearoyllactylate.[23]

1.7.8. Stability of emulsion :

The emulsion stability related to the type and amount of surfactants. These surfactants
promote the stability of the emulsion by forming films around the water drops in water/oil
interfaces. The formation of films increase the stability of the emulsion by increasing
interfacial viscosity and decreasing interfacial tension. It has been investigated that the
parameters such as water concentration, mixing speed, temperature can affect to the emulsion
stability. By adding energy to the system the particles will break down into smaller sizes and

finally the emulsion becomes more stable which will not be easy to treat.[18]

1.8.Micelles:

One important property of surfactants is the formation of colloidal-sized clusters in
solutions, known as micelles. When surfactants are added to a liquid at low concentrations,
they tend to adsorbs at surface or interface. As additional surfactant is added, the interface
becomes fully occupied, and the excess molecules are forced into the bulk of the liquid.
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At still higher concentrations, the molecules of surfactants in the bulk of liquid begin to

form oriented colloidal size aggregates or micelles.

In a micelle, the hydrophobic tails flock to the interior in order to minimize their contact
with water, and the hydrophilic heads remain on the outer surface in order to maximize their
contact with water. Most micelles are spherical and contain between 60 and 100 surfactant

molecules.[25]
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Figure 1.10: structure of micelle.[25]

1.8.1. Structure of the micelles formed by ionic surfactants consists of:

. A hydrophobic core composed of the hydrocarbon chains of the surfactant
molecule.

. A Stern layer surrounding the core, which is a concentric shell of hydrophilic
head groups with counterions.

. A Gouy-Chapman electrical double layer surrounding the Stern layer, which is a
diffuse layer containing the counterions required to neutralise the charge on the kinetic
micelle.

. The thickness of the double layer is dependent on the ionic strength of the
solution and is greatly compressed in the presence of electrolyte.[25]

1.8.2. Structure of Micelles formed by non-ionic surfactants consists of:

. For the non-ionic surfactants having a polyethylene oxide (PEO) head group, the
structure is essentially the same, except that the counter ions are not present in the outer
region, but rather coils of hydrated polyethylene oxide chains.

. Micelles formed in non-aqueous solution (reverse or inverted micelles) have a
core composed of the hydrophilic groups surrounded by a shell of the hydrocarbon
chains.[25]
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Figure 1.11.Structure of the micelles formed by ionic and non —ionic surfactants.[25]

1.8.3.Micellar Solubilization:

Solubilization can be defined as the preparation of a thermodynamically stable isotropic
solution of a substance normally insoluble or very slightly soluble in a given solvent by the
introduction of an additional amphiphilic component or components.

If we plot the solubility of a poorly soluble compound as a function of the concentration of
surfactant, usually what happens is that the solubility is very low until the surfactant
concentration reaches the CMC. At surfactant concentrations above the CMC the solubility
increases linearly with the concentration of surfactant, indicating that solubilization is related

to micellization.

1. The location of a solubilized molecule in a micelle is determined primarily by
the chemical structure of the solubilizate. Solubilization can occur at a number
of different sites in a micelle Onthe surface, at the micelle—solvent interface.

2. Between the hydrophilic head groups.

3. In the palisades layer, i.e., between the hydrophilic groups and the first few
carbon atoms of the hydrophobic groups that comprises the outer regions of the

micelle core.[25]

1.8.4. Micellisation:

Micelles are formed at the critical micelle concentration (CMC), which is detected as an
inflection point when physicochemical properties such as surface tension are plotted as a
function of concentration. The main reason for micelle formation is the attainment of a
minimum free energy state. The main driving force for the formation of micelles is the

increase of entropy that occurs when the hydrophobic regions of the surfactant are removed
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from water and the ordered structure of the water molecules around this region of the
molecule is lost. Most micelles are spherical and contain between 60 and 100 surfactant
molecules.[26]

The concentration at which micelles begin to appear in the bulk is called the critical
micelle concentration (CMC) and can be determined from the discontinuity point in the plot

of a certain physical property as a function of the surfactant concentration in the system.[17]

spherical micelle cylindrical micelle bilayer

Figure 1.12.Scheme various types of micelles.[17]

1.9. Surfactants applications:

The diversity of the surfactants is determined by a wide range of their applications.
These compounds are used, for example , as ingredients, cosmetics, including personal
hygiene products, such as liquid soaps, shower gels, shampoos or toothpaste .Thanks to their
unique properties surfactant are also widely used in paper production ,food production ,paints
and varnishes, as well as the metallurgical , agrochemical ,pharmaceutical, mining, textile,
construction etc..[27]

It was found that without surfactant cleaning is not possible because it seems impossible
to remove soils from cloths using water as solvent or we can say that cleaning formulations is
not possible without surfactant. The aggregation of particles is known as micellization and
aggregate known as Micelles.Micelles formation take place at very low concentration of

surfactants called as CMC.[28]
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1.9.1.Somes examples:

1- Wetting

The wetting can be defined as spreading of liquid droplets on solid surfaces, e.g. cotton
material and the ability to penetrate into its pores. When the liquid without the addition of a
surfactant is applied onto the surface of the material, it remains thereon in the form of a
“drop”. If you take the same amount of pure liquid and add a surfactant, you can notice the

difference in the area occupied by this liquid. Thanks to the surfactants’ ability to lower the

surface tension, it is possible to quickly soak the fabric in the water and wash it.[27]

2-Detergency

Detergency is the process of removing dirt. Non-polar portions, i.e. hydrocarbon chains
of surfactants, combine with dirt particles to form spherical solution called “micelle”.
Micelles form a boundary layer that separates particles of dirt from the surface to be cleaned.
This results in the formation of emulsion, which is insoluble in water, so that it is easily
removed by washing with water, such as rinsing your hands under the stream of water after

using soap.[27]

3-Household chemicals:
Surfactants are used as :
e Detergents, washing, cleaning and softening agents.
e Anti-microbial agents.

e Bleaching agents.[5]

4-Cosmetics industry:
They are used as:
e Emulsifiers.
e Foaming agents.
e Dispersing agents.
e Anti-microbes agents.[5]
5-Food industry:
Surfactants are involved in the production of many common food items and can be
found in the extraction of cholesterol, solubilization of oils, liqguor emulsification, prevention

of component separation, and solubilization of essential nutrients.[1]
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6-Textile industry:
e Wetting and washing agents.

e Dispersing agents.
e Additives for fabric dyeing.

e Supporting agents to produce synthetic textiles.[1]

7-Petroleum, mining and metallurgical industry :

A number of petroleum industry use surfactant for oil recovery which include micellar
alkali surfactant, polymer and gas (hydrocarbon, N2, CO2 or steam flooding). The
concentration of surfactant is more than CMC (critical micelle concentration) to remove oil
from industry.

Also they work as:

Components of drilling fluids.

Corrosion inhibitors.

Anti-icing additives.

Demulsifying agents for the desalination of crude oil.
Additives to petroleum products.

Cleaning agents of metal surfaces.[28]

8-Surfactants And pharmacological industry :

Surfactants are widely used in pharmaceutical industries because of their antibacterial,
antifungal and antiviral properties. These combating properties can be used in many diseases.
In addition to this ,their role as anti adhesive agents against several disease causing pathogens
makes their utility as suitable in various pharmaceutical, biomedical and therapeutic
perspectives. Most of these surfactant are amphiphilic compounds which produced mostly by
microbial cell surfaces and can be excreted extra cellular. The resultant contains both the
hydrophobic as well as hydrophilic groups which accumulate the fluid phases together. Most

of the bio surfactant are used in bioremediation of pollutants in low cost. [28]
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9- Surfactants in microbiology:

The activity of a drug or drug action may be affected by surfactant. The penetration of
hexyl resorcinol into the pinworm Ascaris is increased by the using a low concentration of
surfactant. This activity is due to a reduction of interfacial tension between the liquid phase
and the cell wall of the organism. It result, the adsorption and spreading of hexyl resorcinol
over the surface of the organism is facilitated.

And excess concentration form micelles, the rate of penetration of the anthelmentic
decreases to zero, because the drug is partitioned between the micelles and the aqueous phase.
In biochemistry, the practical as well as theoretical importance of surfactants may be
illustrated with the following examples: Surfactants have allowed the investigation of
molecular properties of membrane proteins and lipoproteins, acting as solubilizing agents and

as probes for hydrophobic binding sites.[28]

10-Surfactant in Nanotechnology:

Surfactant in Nanotechnology Having amphiphilic character allows surfactant
molecules self- assembles into varieties of nanostructures from spherical rod like micelles to
lamellar sheets. Using surfactant nanotechnology, it is possible to engineer a surfactant
package capable of solubilizing large volumes of oil while aggressively water wetting the
casing. By using surfactant mixtures, it is possible to form in-sitution oil-in-water micro
emulsions, allowing surfaces to be water wet. This can allow the elimination of toxic

solvents.[29]
11-Surfactants in the environment:

Surfactants are a diverse group of chemicals that are best known for their wide use in
detergents and other cleaning products. After use, residual surfactants are discharged into
sewage systems or directly into surface waters, and most of them end up dispersed in different
environmental compartments such as soil, water or sediment. The toxic effects of surfactants
on various aquatic organisms are well known.

In general, surfactants are present in the environment at levels below toxicity and in
Croatia below the national limit. Most surfactants are readily biodegradable and their amount
is greatly reduced with secondary treatment in wastewater treatment plants. The highest
concern is the release of untreated wastewater or wastewater that has undergone primary

treatment alone.
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The discharge of wastewater polluted with massive quantities of surfactants could have
serious effects on the ecosystem. Future studies of surfactant toxicities and biodegradation are
necessary to withdraw highly toxic and non-biodegradable compounds from commercial use

and replace them with more environmentally friendly ones.[30]

1.10.Hydrophile-Lipophile Balance:

The term hydrophile-lipophile balance (HLB), first suggested by Clayton, refers to the
balance in size and strength between the hydrophilic and hydrophobic parts of a surfactant
molecule. Griffin later developed the concept of the HLB for emulsifiers on the basis of their
aqueous solubility. The HLB value is an empirical number assigned to nonionic surfactants on
the basis of a wide variety of emulsion experiments carried out on surfactants at the Atlas
Powder Company. These HLB values range from 1 to 40, the low numbers generally
indicating solubility in oil and the high numbers solubility in water. Nevertheless, emulsifiers
with the same HLB value may differ in solubility.

An emulsifier has two different actions: it promotes the formation of an emulsion, and it
determines whether an oil/water (O/W) or a water/oil (W/O) emulsion will be formed. The
second action is closely connected with the HLB value. On the basis of systematic emulsion
experiments, Griffin found that the HLB values of mixtures of two or more emulsifiers are
additive. The HLB value of the mixture is equal to the sum of the HLB values of the
constituents multiplied by their weight fractions in the mixture x7:[31]

HLB = L x7(HLB)i
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1.11.Conclusion

This chapter gives an introduction to the subject. Characteristic features of surfactant,
classification and role of surfactant in surface science, characterization of surfactant and
surfactant solutions, their performance properties, applications of surfactants and the scope of

present work is discussed in detail.

Surfactants are surface-active compounds, which are used in industrial processes as well
as in trade and household products. They have one of the highest production rates of all
organic chemicals. Commercial mixtures of surfactants consist of several tens to hundreds of
homologues, oligomers and isomers of anionic, non-ionic, cationic and amphoteric
compounds. Therefore, their identification and quantification in the environment is
complicated and cumbersome. Detection, identification and quantification of these
compounds in aqueous solutions, even in the form of matrix-free standards, still poses the

analyst considerable problems.[32]

Gemini surfactants have good commercial utilization potential; their preparation should
thus be cost effective. As lower amount of surfactant is needed for a particular performance.
Cost effectiveness may not be come in this way. Many more detergent and oil-based
companies have yet to come forward to make newer cost effective Geminis. It will thus be
challenge for new generation scientists to synthesize newer demand oriented geminis.[12]
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Introduction:

In our fast moving society, the use of computer will become more and more extensive.
The material things will be more and more supported by the virtual situations, which will
facilitate our life.

However, science is the first actor in this direction, and thus of course, the use of
computer methods affect all scientific sectors ,within this internal dialogue between computer
science and other disciplines, looking for possible applications. The Nobel Prize for chemistry
in 2013 recognized the formidable progress in chemistry related to the use of advanced,
complex modeling approaches chemistry.[33]

The critical micelle concentration (CMC) is the single most useful quantity for
characterizing surfactants. This parameter alone captures much of the surface activity of the
molecule. The CMC, above which micelles are present in solution, is also key to the industrial
use or biological activity of the surfactant. [34]

Chemistry plays an important role in defining the behavioral manifestations of chemical
compounds. Development of suitable techniques, which allow modification of the chemical
features of molecules, is very useful not only in the field of chemistry but also in other
branches of natural sciences. Quantitative structure activity relationship (QSAR) modeling is
one such technique that allows the interdisciplinary exploration of knowledge on compounds
covering the aspects of chemistry, physics, biology, and toxicology. It provides a formalism
for developing mathematical correlation between the chemical features and the behavioral
manifestations of similar compounds. The entire technique is defined on the basis of a strong
mathematical algorithm, and it provides a reasonable basis for establishing a predictive
correlation model. Apart from providing a mathematical correlation, QSAR technique also
enables the exploration of chemical features encoded within descriptors.[35]

This chapter presents a review on recent progress in quantitative structure-property
relationship (QSPR) studies of surfactants and applications of descriptors. QSPR studies on
critical micelle concentration (CMC)of surfactants areintroduced.By quantum chemical
calculations and its effects on the structures and properties of the colloids of surfactants are

also reviewed.[3]
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I1.1.Neural Network:

A neural network is a collection of processing elements, interconnected in a specified
way that takes a group of inputs and transforms them into a group of outputs. Such a network
of elements, when given certain characteristics, can be used as a computational means of
answering problems that are less tractable with other computer methods. Presently, most
neural network research involves software simulation of these devices and networks.
Hardware implementations of neural networks that can be programmed and reconfigured
dynamically are still mainly in the developmental stage.

Neural networks are referred to by-many different names, including connectionist
models, neuro computers, artificial neural systems, parallel associative networks, and parallel
distributed processors. While there are nuances to the use of each of these synonyms, broadly
speaking they all refer to neural network technology. The term "artificial” is frequently used
to distinguish neural networks from their biological counterparts. Artificial neural networks
are inspired by biological networks, but for the purposes of applications, the emphasis is on
computational power rather than close similarity to true biological systems. Instead of a
highly interconnected network of neurons, an artificial neural network is made up of a number
of highly interconnected processing elements. The network is a computing system that stores
information by changing its state (the properties of the network) in response to external
inputs.[36]

Artificial neural networks (ANNSs) are a family of machine learning algorithms, inspired
by the operations of neurons in the brain. Each neuron in an ANN receives numerous input
signals, performs a weighted sum of the inputs, generates an activation response through a
nonlinear activation function and passes the output signals to subsequent connected neurons .
Multilayer ANNs can be constructed by organizing neurons into different layers and
connecting neurons in consecutive layers. The combination of nonlinear units enables ANNs
to learn highly complex functions of the inputs. ANNs have been widely applied to all
branches of chemo informatics, including modeling QSAR/QSPR properties of small
molecules as well as performing pharmacokinetic and pharmacodynamics analysis.

Deep learning networks are a recent extension of ANNSs, which utilize deep and
specialized architectures to learn useful features from raw data. The recent success of deep
learning provides an opportunity to develop tools for automatically extracting task specific
representations of chemical structures. Deep convolutional neural networks (CNNs) comprise

a subclass of deep learning networks. In CNNs, local filters scan through the input space to
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search for recurring local spatial patterns that are useful for the classification performance.
Owing to unique local spatial properties of images, CNNs have achieved great success in the
computer vision community, and have recently been applied to the biomedical field. For
example, Torng and Altman viewed protein structures as ‘3D images’ with four different
atom type channels, and used 3D-CNNs to analyze amino acid microenvironment similarities

and to predict effects of mutations in proteins. [37]

INPUT 1 \
s %‘“\

| PROCESSING

INPUT 2 —— .
ELEMENT ouTPUT
ﬁ
—~ —_
INPUT 3 /
INPUT n

Figure 11-1:A processing element (PE) for a neural network.[37]

11.2.Definition of QSAR:

Quantitative structure—activity relationship (QSAR) is a quantitative method that deals
with finding a model to relate chemical structural features of compounds (descriptors) to their
definite biological activity. Modeling the biological activity was extended to other physical/
chemical properties, which is called quantitative structure—property relationship (QSPR).
Different properties or behaviors of chemical molecules have been investigated in the field of
QSPR. Some examples are quantitative structure—reactivity relationships (QSRRS),
guantitative structure—chromatography relationships (QSCRs) ,quantitative structure—toxicity
relationships (QSTRs), quantitative structure— electrochemistry relationships (QSERS) , and
quantitative structure—biodegradability relationships (QSBRS). [38]

In a QSAR/QSPR study, collecting or designing a subset of chemical or biological
compounds, generation of potent descriptors capable to reflect the structure of compounds,
selection of reverent descriptors to include in model, construction of a regression model and

checking the validity and stability of the suggested model are five essential steps.[35]
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Figure 11-2:A simple schematic overview of the formalism of QSAR.[35]
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collection on QSAR/QSPR subject (prepared on May 27, 2015).[38]
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11.3.QSAR Work Flow:
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Figure 11-4: representation of a QSAR Work Flow.[39]

I1.4.Historical roots of QSAR:

By searching in literature, the root of huge QSAR tree could be found in the thesis of
Cros, entitled “Action de I‘alcoholamyliquesurl’organisme” (1863, Faculty of Medicine,
University of Strasbourg, France) which noticed the relationship between toxicity of primary
aliphatic alcohols and their water solubility. Without doubt, focusing on the concept of
“molecular structure” in the years between 1860 and 1880 has led to the development of
QSAR researches. Among the works on the molecular structure especially “three-
dimensional” concept, the attempts of Butlerov (1861-65), Wislicenus (1869-73) and Van't
Hoff (1874-75), are notable.

Maybe the first primary QSAR study could be related to Brown and Fraser , who
proposed the existence of a correlation between molecular constitution and biological activity
of different alkaloids. In 1884, Mills explained more on the hypothesis of structure—property
correlation in his article entitled “On melting-point and boiling-point as related to chemical
composition”. After that, at the end of the 19th to beginning of the 20th centuries, other
attempts were made to clarify this hypothesis (e.g.). Somebody believes that the works of
Hammet on substituent effects in organic reactions, 1935-1938 , had an outstanding role in
developing QSAR models. Some years later, when the first theoretical QSAR/QSPR studies
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were proposed in the middle of the 20th century based on the descriptors obtained from graph
theory, it was not expected that QSAR can become an inseparable part of molecular and drug
design.

After the development of some other categories of structural descriptors, the world
came ready to see the revolution of QSAR/QSPR. To reach this step, attempts of Pauling and
also Coulson on the chemical bond concept, Sanderson on the atomic electronegativity, and
the researches on electronic distribution and quantum-chemical descriptors were very
important and determinant. After that, some specific QSAR/QSPR approaches were proposed
step by step which is prominent from the historical point of view. After the suggestion of
Linear Free Energy Relationships (LFER) by Hammet, one of the most principal approaches
was linear solvation energy relationship (LSER) which had been proposed in 1952-3 by Taft
Someone considers the start of the modern period of QSARIn 1962.0ther work of Hansch and
coworkers attracted a lot of interests to this field and caused the QSAR explosion.[38]
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Figure 11-6: A summary of the pioneering discoveries that led to the gradual evolution of
the QSAR study.[35]

11.5.0Dbjectives of QSAR:

The principal objective of any QSAR analysis lies in the rational development of a
mathematical model accompanied with the exploration of the chemical information involved
therein. Such modeling always uses comparatively less amount of data of chemical response
and allows the prediction for a relatively large number of compounds. This provides an

opportunity for this technique to be utilized in various fields.[35]

11.6.Importances of QSAR:

Although the development of predictive QSAR/QSPR/QSTR models appears to be a
relatively simple task, it has got enormous applications in serving the need of scientific
fraternity. It has always been a matter of curiosity that how it is possible for different
chemical agents to exert different response profile, and sometimes it is rather astonishing that
even the same chemical can elicit different biological actions. Hence, the chemical features

appear to be very crucial in determining behavior of chemicals. QSAR techniques can provide
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several advantages in terms of model predictivity and utilization of limited experimental
resources, employing less computational time. Such features encourage the use of QSAR and
related techniques in costly research programs such as drug-discovery and development where
it can provide valuable information by aiding rational designing strategy with minimal cost
involvement. Furthermore, since the QSAR technique can allow the prediction of a chemical
response of relatively large number of compounds (within the chemical domain) by using
response data of limited number of chemicals, it is widely employed in predictive toxicology

analysis for the assessment of chemical hazards..[35]

11.7.The development of QSPR models:

The first step in each QSAR/QSPR analysis is collecting a set of compounds with
relatively the same structural backbone. QSAR/QSPR models use quantitative activities or
properties, which either may be obtained experimentally or from the literature.[40]

The development of QSPR models consists of four steps :

e Generation of molecular descriptors from chemical structure.
e Selection of most relevant molecular descriptors.
e Model validation.

e Model application.[41]

11.7.1.Generation of molecular descriptors from chemical structure:

Molecular descriptors are formal mathematical representations of a molecule, obtained
by a well-specified algorithm, and applied to a defined molecular representation or a well-
specified experimental procedure. The molecular descriptor is the final result of a logic and
mathematical procedure which transforms chemical information encoded within a symbolic
representation of a molecule into a useful number or the result of some standardized
experiment.

Although, molecular descriptors are numerical indexes encoding some information
related to the molecular structure. They can be both experimental physico-chemical properties
of molecules and theoretical indexes calculated by mathematical formulas or computational
algorithms.[42]
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An ideal descriptor should possess the following features for the construction of a
reliable QSAR model:

1. A descriptor should be relevant to a broad class of compounds.

2. A descriptor must be correlated with the studied biological responses while illustrating
insignificant correlation with other descriptors.

3. Calculation of the descriptor should be fast and independent of experimental
properties.

4. A descriptor should produce different values for structurally dissimilar molecules,
even if the structural differences are little.

5. A descriptor should possess physical interpretability to determine the query features

for the studied compounds.[35]
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Table I1.1: represent different descriptors type .[40]

Descriptor type Description

1D They consider properties inferred only the chemical

formula of a chemical

2D They consider properties inferred about the structure
of the chemical based on the 2 dimensional structural

formula

3D They consider properties inferred from the spatial

shape of the chemical for one conformation

4D They are similar to 3D descriptors extended to

multiple conformations

11.7.1.1. Theoretical descriptors:

The simplest molecule representation is the chemical formula that codifies the atom

types and their occurrences within a molecule. Chemical formula does not carry any

information about atom connections, and molecular descriptors obtained by this kind of

representation are referred to as 0D molecular descriptors.

1D: The substructure list consists of a partial list of structural fragments included in a
molecule. Molecular descriptors derived from this representation are usually cited as
1D molecular descriptors. They cannot represent the whole topology of the chemical
structure, can be easily calculated and interpreted, and are typically used for
similarity/diversity analysis and virtual screening of large chemical databases.

2D: The topological representation is the most popular one. This is a two-dimensional
representation that, in addition to the atomic composition, includes the information
about connectivity of atoms in the molecule in terms of a molecular graph. Molecular
descriptors derived from two-dimensional representation of molecule are referred to as
2D molecular descriptors.

3D:molecular descriptors derive the molecular representation where the spatial
information about atom positions is added to atom connectivities; in other words,

every atom of the molecule is associated with a set of three-dimensional coordinates
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determining its own position in the three-dimensional space. This representation is
referred to as geometrical representation of a molecule where the molecule is
considered as a rigid geometrical structure.

e 4D:representation takes also into account molecular properties deriving from electron

distribution and the interactions of the molecules with probes.[43]
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Figure 11-8: Graphical example of different molecular representations of the same structure
(ibuprofen) [44]
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11.7.1.2. D2 descriptors are the most commonly used molecular descriptors:

Table 11.2: Representing important 2D descriptors.[40]

2D Descriptor Types

Description

Example

Constitutional Descriptors

They represent properties
related to molecular

structure

molecular weight, total
number of atoms in the
molecule, number of

aromatic rings

Electrostatic

They represent properties
related to the electronic

nature of the compound

atomic net and partial

charges

Topological Descriptors

They represent properties
which can be inferred by
treating the structure of the
compound as a graph, with
atoms as vertices and

covalent bonds as edges

total number of bonds in
shortest paths between all
pairs of non-hydrogen

atoms

Geometrical Descriptors

They represent properties
related to spatial
arrangement of atoms

constituting the compound

Vander Waals Area

Fragment based Descriptors

They represent properties
related to sub structural

motifs

MDL Keys and Molecular

Fingerprints

1-Constitutional descriptors :
Constitutional descriptors depend only on the chemical composition of the molecule and
describe very simple dependences such as the additivity of molecular properties from constant

fragment contributions.[45]

2-Electronic Descriptors:
These descriptors reflect the electronic structure of the molecule and, basically, some overall

characteristics of the partial charge distribution.[46]
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3-Topological descriptors:

As the name suggests, topological descriptors consider the topology of a molecule. That is, in
the most general case, only the connections between the atoms in a hydrogen-suppressed
molecule, effectively converting it into a mathematical graph. Certain topological descriptors
consider the type or certain properties of atoms involved in the connections as weights.

Topological descriptors characterize features such as path lengths and connectivity.[47]

4-Geometric Descriptors :
Geometric descriptors characterize the shape and extent of the molecule in terms of its 3-D
coordinates. As a result, accurate coordinates are required and so the structure must be

geometry optimized before these descriptors can be calculated. [47]

11.7.2.Selection of most relevant molecular descriptors:

1) Improves Interpretation

e Less features, simpler models.

e Expert-driven feature selection enhances the mechanistic interpretation of the models.
2) Reduces Overfitting.

e Less redundant data means lesser decisions based on noise.
3) Reduces Training Time

e Less data to learn from ensures quicker model development.[40]

1-KNN: k-nearest Neighbor

K-nearest Neighbor is a non-parametric method used in classification and regression
problems.

Principle: The property of an instance (chemical) is similar to instances close to them,
where closeness is defined by the appropriate distance function using the feature space .
Highlights.

o Different distance functions available: Euclidean, Manhattan, Minkowski
o Simple to implement

o Easy to interpret (conceptually similar to read-across)[40]
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K-Nearest Neighbor algorithm:

The KNN algorithm is a supervised non-parametric classification algorithm .Using this
algorithm, pattern classification could be carried out by a comparison of this pattern with an
example set. One by one, this pattern is compared with each of the example set. Out of these,
the items selected finally are those whose distance to the pattern to be classified is smaller.
Specifically, the k patterns with the shortest distance are chosen. Eventually, the output class
of the pattern is assigned as the majority class of the k patterns closest to the former pattern.
Since a set of example patterns is needed, as well as the class to which each pattern belongs,
this is a supervised classification algorithm [48]. The KNN algorithm has great applicability
and has been successfully used in a lot of different problems.

The k-nearest neighbors (KNN) estimate the response of a vector of features, according to:

Where yi is the target value of the i-th neighbor and w; is the weight:

Where Dy is the distance between the query molecule and each i-th neighbor

Let W = {X1, X2,....., Xn} be a set of n labeled samples. The algorithm is as follows:
BEGIN

Input y, of unknown classification.

Set ,1<K<n.

Initialize i= 1.

DO UNTIL (k-nearest neighbors found)

Compute distance from y to xi.

IF (i<k) THEN

Include xi ,in the set of k-nearest neighbors

ELSE IF (xi is closer to y than any previous nearest neighbor) THEN
Delete farthest in the set of k-nearest neighbors

Include x, in the set of k-nearest neighbors.

END IF

Increment i.

END DO UNTIL

Determine the majority class represented in the set of K-nearest neighbors.
IF (atie exists) THEN
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Compute sum of distances of neighbors in each class which tied.
IF (no tie occurs) THEN

Classify y in the class of minimum sum

ELSE

Classify y in the class of last minimum found.

END IF

ELSE

Classify y in the majority class.

END IF

END [49]

3-Partial least squares (PLS:

(PLS) regression is a statistical method that bears some relation to principal
components regression. PLS finds a linear regression model by projecting the predicted
variables and the observable variables to a new space. Because both the X and Y data are
projected to new spaces, the PLS family of methods are known as bi-linear factor models.
PLS regression is particularly suited when the matrix of predictors has more variables than
observations, and when there is multi-collinearity among X values — by contrast, standard

regression will fail in these cases.[50]

Algorithms for PLS Regression

With the algorithms used for performing PLS Regression a distinction has to be made
between the PLS: and PLS; regression algorithms. The cases must be differentiated where the
explanatory variable Y is univariant and where it is multivariant because there are two PLS
Regression methods (PLS: and PLS;) which adapt to said circumstances. In the PLS:
Regression (PLS univariate regression), there is only one variable to explain and there are p
explanatory variables, whilst in the PLS, Regression (PLS multivariate regression) there are g
variables to explain g > 1 and p explanatory variables. PLS; is the simplest algorithm. With
this algorithm the first component is extracted, from which the rest of components are
extracted, in such a way that they are uncorrelated (orthogonal). How this algorithm functions
will now be described, although not comprehensively, just to show how the partial least
squares method works (VValencia and Diaz-Llanos, 2003). The first component is defined thus:
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ti = Wi1X1 + WiZXZ + ...+ Wipo ==
J

P
=1

whereX; are the explanatory variables and y the variable to be explained The wj

coefficients are:
_cov(gy) (%)
Wij_ =
J XP_ cov? (x;,y) \/25')=1(le ¥)?

J=1...,p

From which it can be deduced that in order to obtain wlj the scalar products (X;, y)

must be calculated foreach j=1,......p. [51]

OLS algorithm:
Equations for the Ordinary Least Squares regression
Ordinary Least Squares regression (OLS) is more commonly named linear regression
(simple or multiple depending on the number of explanatory variables).
In the case of a model with p explanatory variables, the OLS regression model writes:

Y =B0+Z=1..pBjXj+ ¢

where Y is the dependent variable, 0, is the intercept of the model, X j corresponds to
the jth explanatory variable of the model (j= 1 to p), and e is the random error with
expectation 0 and variance 6%.[3]

In the training phase a set of values (called beta) is calculated as follow:

B=(XTX) 'XTY

Where Y is the one-column matrix carrying the target values and X is the training

dataset matrix.[51]

11.8.QSPR/QSAR Methods:

QSPR and QSAR consist of a body of statistical methods for relating physical and
activity properties of a chemical product to its chemical structure. Important applications can
be found today in many fields of chemistry, biology and engineering. The central problem in
QSPR and QSAR is to convert the chemical structures into molecular descriptors that are

relevant to a certain physicalproperty or bioactivity.
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Various physico-chemical properties may be subjected toQSPR/QSAR studies, but the major
application is drug discovery although their predictive modeling capabilities have extended
also to other areas.

Obtaining a good quality QSAR model depends on many factors, such as the quality of input
data, the choice of descriptors and statistical methods for modelling and for validation. Any
QSAR modelling should ultimately lead to statistically robust and predictive models capable
of making accurate and reliable predictions of the modelled response of new compounds.
Validation is the process by which the reliability and relevance of a procedure are established
for a specific purpose. For QSAR models, validation must be mainly for robustness,
prediction performances and applicability domain. Various strategies are adopted:[50]
1-Internal validation or cross-validation.

To validate the model, the dataset is divided into a training set (calibration set) used to
develop the model and a test set (prediction set). In this way, the performance of different
models can be compared because they are all trained with the same training set. The
predictive performance of the model is measured by a cross-validation squared correlation
coefficient g2 as shown in the equation below — where i, yip and yim are the measured,
predicted and mean values of y, respectively. Note that although a high g? value is a necessary
condition for good predictions, it is not a sufficient condition.[50]

Z?=1(J’i - yi,p)2

2 _
q° = 1—
Zi_—1(yi yi,m)2

2-Data randomisation or Y-scrambling:

Is used for verifying the absence of chance correlation between the response and the
modeling descriptors.Randomising the y variables (permutation test) is a common method for
testing robustness of a model. A simpler variant of this method is testing the model on
completely random data. By generating a random series of numbers for the figure of merit (y)
and running the model, one should get only noise. If meaningful results are obtained (high R?,

g? values) using random data, then there is something wrong with the model.[50]

3-External validation:

Using only internal validation is not a reliable approach to evaluate the validity and
predictability of a QSAR/QSPR model. To further check, several authors have suggested a
more rigorous way to estimate the true predictive ability of a constructed model by comparing
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the predicted and observed activity/property of an external test set of compounds that were
not utilized in the model development process.

Therefore, it is necessary to split the data into two separate sets of “training” and “test”.
The metrics Rp, R? p, RMSEp and Rm(test) 2 are the common statistics to check the quality of
external validation.[50]

11.9.Applications of QSAR:

Chemicals represent an indispensable part of human necessity considering varying
applications spanning from laboratory to industrial processes as well as household usage.
QSAR presents a suitable option in the rational monitoring of activity/ property/toxicity of
chemicals and hence is useful in a wide variety of applications.

Since fine-tuning of the behavioral nature of chemicals gives fruitful results for a
significantly large class of chemicals involving pharmaceuticals, agrochemicals, perfumeries,
analytical reagents, solvents, surface modifying agents, etc., the application area and
possibility of the QSAR technique is enormous.

In a global perspective, the chemicals modeled using the QSAR method can be
overviewed in three major types:

1. Health benefits (drugs, pharmaceuticals, food ingredients, etc.)

2. Chemicals involved in industrial/laboratory processes (solvents, reagents, etc.)

3. And the chemicals posing hazardous outcome [persistent organic pollutants (POPS),
toxins, xenobiotic, carcinogents, volatile organic compounds.

We have attempted to divide the employment of QSAR application in three broad areas,
namely drug designing, material science, and predictive toxicology.[35]
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Figure 11-10: The broad application areas addressed by QSAR modeling studies

Some potential areas of material science, which can be addressed by employing predictive
QSAR modeling, have been depicted in Figure 11-11.[35]
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Figure 11-11: Some representative endpoints addressed by QSAR analysis in the field of
material science.[35]
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11.10.CONCLUSION

The quantitative structure-activity relationship (QSAR)is an important research field in
theoretical medicinal chemistry, which deals with the prediction of the biological activities of
new compounds using mathematical relationships based on structural, physicochemical, and
conformational properties of previously tested potential agents. QSAR relationships are
helpful in understanding and explaining the mechanism of drug action at the molecular level
and allow the design and development of new compounds presenting desirable biological
properties. [52]

The aim of this chapter is to define the different methods used to model the physico-
chemical substance suitable for active tension by using a theory-based approach QSAR. In
order to find a mathematical model that describes the characteristics of active voltage
according to the descriptions, we used Three main different linear regression modeling
techniques, Least Squares model (OLS), K-Nearest Neighbors regression model (KNN) .
Partial least square (PLS).
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DEVELOPMENT OF KNN-PLS-OLS AND
CONSENSUS AIDED QSAR MODELS TO
ESTIMATE CRITICAL MICELLE

CONCENTRATION OF GEMINI
SURFACTANTS.
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I11.1.Introduction

Surfactants are essential interfacial active compounds, which have been commonly used
in chemical industry, environmental industry, detergent industry, petroleum industry and
many other industrial fields. Gemini surfactants, also known as dimeric surfactants, are a kind
of novel surfactants containing two hydrophobic tail-groups and two hydrophilic head-groups,
which are covalently connected through a spacer at or near the two head-groups (Fig. 1).
These surfactants have attracted considerable attention from researchers on account of their
attractive properties in contrast to their single-chain analogues, such as high aqueous
solubility and viscosity, low critical micelle concentration (CMC), unique micelle structure
and aggregation behavior, high efficiency in decreasing the surface tension of water solutions
and so forth[53], [54], [63], [55]-[62].

In colloid and surface chemistry, critical micelle concentration is defined as the
concentration of surfactants when the micelles spontaneously begin to emerge. CMC is an
important characteristic parameter of surfactants, because a number of properties of surfactant
solution change sharply at this point, such as osmotic pressure, foaming, interfacial tension,
surface tension, emulsification, detergency, conductivity, etc.. Thus, determining the CMC of
Gemini surfactants is of great importance and has attracted many interests from surfactants
researchers. Because measuring the CMC with traditional experimental methods is often a
laborious and money-consuming task, it is needed to predict the CMC of numerous Gemini
surfactants by theoretical chemistry methodologies[41], [64]-[71].

Quantitative structure-property/activity relationship (QSPR/QSAR) is an important type
of chemometric technique which tries to relate the properties of chemicals to their molecular
structures[72]-[80]. No matter the properties of molecules have been determined or not, they
could be calculated by QSPR models, which could ultimately accelerate the development of
new chemicals. QSPR technique has been extensively and successfully utilized to predict the
CMC of many surfactants as an effective alternative of experimental methods [41], [53], [78],
[63]-[70].

Hence, this work set up a new QSRR and diverse fingerprint as an accurate and
convenient QSPR model to study the underlying relationship between the CMC value and

structure of Gemini surfactants.
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Figure I11.1:Basic molecular structure of (a) a Gemini surfactant and (b) a monomeric
surfactant[81]

111.1.1.QSAR calculation and filtering methodology

The methodology adopted for this work consisted of five main steps that are summarized
below:
1. Dataset gathering (The chemical structures of 120 different Gemini surfactants

molecules drawn and optimized by HyperChem software (Fig .2), and entered to
AlvaDesc software to compute relevant QSAR descriptors and fingerprints). The database
has been collected from previously published papers in literature[41], [63], [90]-[96],
[82]-[89] and presented in table 1. The experimental CMC values of 120 diverse
dibromides Gemini surfactants were obtained by conductmeter at 20—30 °C.

2. To avoid the phenomenon of over fitting, the number of variables (descriptors)
must be reduced based on the following steps and using AlvaDesc software:

a. Constant and near constant descriptor values were removed

b. All missing values or at least one missing value were removed.

c. Any descriptor with a relative standard deviation < 0.001 was removed.

d. Descriptors with pair correlation larger or equal to > 0.95 were removed.

3. Relevant descriptors were selected after performing stepwise MLR with F
value method. The training dataset has 84 rows which represent the molecules used to
train/test the model and 22 columns (also known as the models’ features).

4. QSAR model was developed using four models.

5. Results comparison.

The 2D-structures of the surfactants were drawn usingHyperchem software

(www.Hyper.com); geometries were pre- optimized using the molecular mechanics force field
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(MM+) available in the Hyperchem package. The molecular geometries energy minima were
then obtained using the semiempiricalAM1 using the Polack—Rabiere algorithm until the root

mean square gradient limit as stopping criterion at 0.01 kcal/A.

Figure 111.2: Example of the drawn structures of the investigated Gemini surfactants by
HyperChem software and optimized using molecular mechanics (MM+) at PM3 using the
Polak-Ribiere algorithm.

111.2.Modelling software
AlvaDesc is a tool for the calculation of molecular descriptors and fingerprints. It

calculates almost 53051, 2, 3-dimensional descriptors splitted in 30 logical blocks. Together
with the calculation of molecular descriptors, it carries out the calculation of three different
molecular fingerprints:
e MACCS166 fingerprint(166)
o Hashedfingerprints(1024)
o Extended ConnectivityFingerprint
o PathFingerprint
AlvaModel is a software tool to create Quantitative Structure Activity/Property
Relationship (QSAR/QSPR) models using descriptors and fingerprints previously calculated
in AlvaDesc. These models can be used to predict the biological, physicochemical and

environmental properties of chemicals.

111.3.Modelling techniques
Quantitative Structure Activity/Property Relationship (QSAR/QSPR) models are at the

center of interest for different sectors (e.g., pharmacological, agricultural, electronic).
QSAR/QSPR models are mathematical models that can be used to determine the behaviour of
chemical compounds by predicting physicochemical, biological and environmental fate

properties from the knowledge of their chemical structure.
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A regression model is a mathematical tool for estimating the relationships between a
target variable and one or more independent variables (features). This study deals with four
different modeling techniques cited and discussed below:

e OLS1: an Ordinary Least Squares model (OLS) with 22 relevant descriptors

o KNNL1: a K-Nearest Neighbors regression model (KNN)with 22 relevant
descriptors

e Consensus 1: a Consensus model defined as the arithmetic mean of the values
predicted by OLS1+KNN1 models

e KNN2: KNN with 166 MACCS fingerprints.

o KNN3: KNN with 1024 Hashedfingerprints.

e Consensus 2 : a Consensus model defined as the arithmetic mean of the values
predicted by KNN2+KNN3 models.

e PLS: Partial least squares method with 22 relevant descriptors

111.3.1.0rdinary Least Squares model (OLS)
The Ordinary Least Squares (also referred to as multiple linear regression or just linear

regression) is a way to modelling the relationship between a target value and one or more
features. These features can be selected among the descriptors present in the project.The OLS
model cannot make use of fingerprints as features.

In the training phase a set of values (called beta) is calculated as follow:

B=(XTX)'XTY

Where Y is the one-column matrix carrying the target values and X is the training
dataset matrix containing the selected features and a constant value of 1 which represent the
intercept. Both matrices refer to the training dataset.

The resulting matrix can then be used to predict the values:

Y =W§
Where W can either be X or a matrix with the same features of X but related to a new set

of samples.
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111.3.2.K-Nearest Neighbors regression model (KNN)
The K-Nearest Neighbors algorithm is a non-parametric method often used for
classification, but it can also be used for regression. In the training phase the features and

target values of the training dataset are stored inside the model. Whenused to predict, the

model:
1. finds the k closest elements (aka neighbors) of the training dataset and
2. calculates the weighted average of the target values of these k neighbors
(neighbors)

When defining this type of model you can select the number of neighbors (k) and the
distance that must be used to identify the closest ones.Once the closest neighbors are

identified, the weighted average is calculated as follow:

k
yq . Z’Ui’;y;

i=1
Where vy; is the target value of the i-th neighbor and w; is the weight:

===ul"=N |
0.1+ Dy,

w; = & 1
Zj:l 0.14+Dy;

Where Dyq; is the distance between the query molecule and each i-neighbor. When
applying the model to the training dataset, the KNN algorithm finds k neighbors leaving out

the element it is predicting.

111.3.3.Consensus model
The Consensus model contains a collection of models with the same target variable. It

predicts by using the contained models and then averaging their predicted values.

111.3.4.PLS model

PLS method as an extension of multiple regression analysis (linear regression method)

was used in this study for the model building.
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Table 111.1: The structures and CMC values of 120 Gemini surfactants according to Figure 1

. . -logCMC
No. | Tail_1 | Tail 2 lon_1 lon_2 Spacer Exptl. | OLS PLS
CgHi1z | CgHiz | POs (CH3)2N*™ | C2Ha
1 3 3.391 | 3.49038
CgHi7 | CioH21 | POy (CH3)oN* | CoHa
2 3.9586 | 4.129 | 3.94151
CioHa1 | CgHy7 | POS (CHs)N* | CoH4
3 4 4,018 | 4.02224
4 | CgHi7 | CiHzs | POs (CHg3):N* | CoH4 4.8539 | 4.664 | 4.166517
5 | CioHos | CgHiz | POs (CH3)oN* | CoHq 4.7447 | 4.583 | 4.368887
6 CioH21 | CioH21 | PO4 (CH3)2N* CoHy 48861 | 4.747 | 4.20792
7 CsHi1z | CuHao | PO4 (CH3):N* | CoH4 5.2147 | 5.058 | 4.737763
8 CiaH2o | CgHi7 | PO4 (CH3):N* | CoH4 5.0969 | 4.958 | 4.57894
9 CioH21 | CioHps | POy (CH3):N* | CoH4 4.8861 | 4.665 | 4.59211
10 | CioH21 | CusHa2g | PO4 (CH3)2N* CoHy 5.2757 | 5.129 | 5.25808
11 | CusHyg | CioH21 | PO4 (CH3) N* CoHy 5.2596 | 5.288 | 4.79465
12 | CioHas | CioHas | PO4 (CHs)N* | CoH4 5.0458 | 5.362 | 4.78981
13 | CeHiz | CigHss | PO (CH3)2:N* | CoH4 5.3188 | 5.424 | 5.279743
14 | CigHss | CgHiz | PO4 (CH3)oN* | CoHq4 5.2291 | 5.148 | 5.40514
15 | CioHai | CieHz2 | POS (CHa).N* | CH, 5301 |552 |5.38421
16 | CuHag | Ci2H2s | PO4 (CHs)N* | CoH4 5.1549 | 5.227 | 4.92519
17 | Ci2Hos | CiaHao | POs (CHs)oaN™ | CoH4 5.3665 | 5.374 | 5.107463
18 | CioHas | CioHas | (CH3)oN* | (CH3)o:N* | (CHa)2 3.0969 | 3.071 | 3.06685
19 | CioHas | CioHos | (CHs)oN* | (CHs)oN* | (CHy)3 3.0269 | 3.321 | 3.14504
20 | CioHazs | CioHas | (CHs):N* | (CHs)o:N* | (CHoa 2.9318 | 2.883 | 2.83805
21 | CioHas | CioHas | (CHs):N* | (CHs)o:N* | (CHa)e 2.9872 | 2.812 | 2.694977
22 | CioHas | CioHos | (CH3)2N*™ | (CH3)2N* | (CHa)s 3.0809 | 3.334 | 3.054113
23 | CioHas | CioHos | (CH3)oN* | (CH3)oN* | (CH2)1o 3.2007 | 3.374 | 3.22409
24 | CioHas | CioHos | (CH3)oN*™ | (CH3)2N™ | (CH2)12 3.4318 | 3.331 | 3.419767
25 | CioHas | CioHos | (CH3)oN™ | (CH3)oN* | (CH2)14 3.699 | 3.662 | 3.63916
26 | CioHas | CioHos | (CH3)oN™ | (CH3)2N™ | (CH2)1s 3.9208 | 4.104 | 4.128773
CeHi7 | CgHiz | (CH3)2N*" | (CH3)N* | (CH2)s
27 1.8601 | 1.734 | 1.490317
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CeHiz | CeHiz | (CH3)2N* | (CH3)N* | (CH2)4
28 1.5817 | 1.381 | 0.88335

CsHi7 | CgHiz | (CH3)2N™ | (CH3)2N™ | (CH2)s
29 158 | 1.617 | 1.51417

CgHi7z | CeHiz | (CH3)2N* | (CHs)oN* | (CH2)e
30 1.5986 | 1.485 | 1.83891
31 | CyHz | CigHso | (CH3)oN* | (CH3)N* | (CHy), 46778 | 4.602 | 4.406683
32 | CigHs2 | CaHs2 | (CH3)oN* | (CH3)N* | (CH2)4 4.5686 | 4.381 | 4.086283
33 | CiHs32 | CagHso | (CH3)oN* | (CH3)N* | (CHy)s 4.3665 | 4.235 | 4.404073
34 | CigHs2 | CagHs2 | (CH3)oN* | (CH3)N* | (CH2)s 4.6021 | 4.573 | 4.26526
35 | CieHz2 | CieH32 | (CH3)2N™ | (CH3)oN* | (CH2)s 4.4437 | 4.559 | 4.626067
36 | CieHsz2 | Ci6Haz | (CH3)oN™ | (CH3)2N*™ | (CHa)s 4.4815 | 4.298 | 4.31047
37 | CiHs2 | CigHso | (CH3)oN* | (CH3)N* | (CH2)10 45686 | 4.494 | 4.41108
38 | CisHaz2 | CisHs2 | (CH3)oN* | (CH3)2N* | (CH2)12 4699 | 4.729 | 4.76229
39 | CioHz1 | CioH21 | (CH3)oN* | (CH3)N* | (CHp)4 2.0565 | 2.17 | 2.24049
40 | CisHze | CiaH2e | (CH3)oN* | (CH3)oN* | (CH2)4 3.8697 | 3.739 | 3.68771
41 | CioH21 | CaoHa1 | (CH3)oN™ | (CH3)oN™ | (CH2)2 2.2076 | 2.387 | 2.071753
42 | CioHz1 | CigHo1 | (CH3)oN* (CH3)oN* (CH2)s 2.1871 | 2.095 | 2.05336
43 | CaoH21 | CioHa1 | (CH3)oN* | (CH3)oN* | (CH2)4 2.0605 | 2.001 | 1.78503
44 | CyoH21 | CigHar | (CH3)oN* | (CH3)2N* | (CHa)s 2.0362 | 2.147 | 2.25515
45 | CioH21 | CaoHar | (CH3)oN™ | (CH3)oN™ | (CH2)s 2.1249 | 2.053 | 2.24603
46 | CaoHz1 | CigHo1 | (CH3)oN* (CH3)oN* (CH2)10 2.3768 | 2.351 | 2.704407
47 | CaoH21 | CigHo1 | (CH3)oN*™ | (CH3)N*™ | (CH2)12 2.6576 | 2.765 | 2.903457
48 | C¢Hiz | CeHiz | (CH3)oN™ | (CH3)oN* | (CH2)s 0.7959 | 1.201 | 3.15151
49 | CgHig | CoHig | (CH3)N* | (CH3):N* | (CHy)s 1.6021 | 1.551 | 2.09548
50 | CioHa1 | CioHo1 | (CH3)2N*™ | (CH3)2N* | (CHa)s 2.0506 | 2.104 | 2.35528
51 | CiiHas | CuaHos | (CH3)2N*™ | (CH3)2N* | (CHa)s 2.5229 | 2.392 | 2.61474
52 | CioHas | CioHos | (CH3)oN™ | (CH3)2N* | (CHa)s 2.9586 | 2.885 | 3.21729
53 | CisHar | CisHar | (CH3)oN™ | (CH3)oN*™ | (CH2)s 3.3872 | 3.536 | 3.44529
54 | CiaHag | CiaH2o | (CH3)2N*™ | (CH3)2N* | (CHa)s 3.7447 | 3.677 | 3.753763
55 | CisHa7 | CuaHos | (CH3)2N*™ | (CH3)2N* | (CHa)s 3.0555 | 2.911 | 2.890263
56 | CiaHag | CioHo1 | (CH3)2N*™ | (CH3)2N* | (CHa)s 3.0757 | 3.193 | 3.246
57 | CieHz2 | CgHiz | (CH3)2N*™ | (CH3)2N* | (CHa)s 3.1249 | 3.051 | 3.004357
58 | CigHar | CeHizs | (CH3)oN™ | (CH3)2N* | (CHa)s 3.2291 | 3.352 | 3.32193
59 | CgHiz | CgHiz | (CH3)oN* (CH3)oN* (C2H4)oN(CHs5) 1.5086 | 1.301 | 1.69468
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60 | CoHig | CoHig | (CH3)N* | (CH3)o:N* | (C2H4)2N(CHs) 1.7447 | 1.893 | 2.1064
61 | CioHa1 | CioHa1 | (CH3)o:N* | (CH3)oN* | (CaH4)2N(CHs) 2.0757 | 2.323 | 2.53885
62 | CuHas | CitHzs | (CH3)oN* (CH3)2N* (C2H4)2N(CHj5) 2.5229 | 2.972 | 2.813887
63 | Ci2Has | CioHos | (CH3)oN* (CH3)2N* (C2H4)2N(CHj5) 2.9586 | 3.239 | 3.32548
64 | CisHy7 | CisHzz | (CH3)oN* (CH3)2N* (C2H4)2N(CHs5) 3.4815 | 3.473 | 3.5884
65 | CuaHag | CaaHog | (CH3)oN* | (CH3)oN* | (CaH4)2N(CHs) 3.9208 | 3.995 | 3.853107
66 | CisHa1 | CisHa1 | (CH3)o:N* | (CH3)oN* | (C2H4)2N(CHs) 4.3665 | 4.23 | 4.041673
67 | Ci6Hss | CigHss | (CH3)oN* (CH3)2N* (C2H4)2N(CHj5) 49208 | 4.923 | 4.746
CeHi7 | CeHiz | (CH3)2N* | (CH3)N* | (C2H4)20

68 1.3565 | 1.337 | 1.38468
69 | CoHis | CoHig | (CHs)2N® | (CHs):N* | (C;Ha),0 1.6576 | 1.819 | 1.86129
70 | CioHa1 | CagH21 | (CH3)oN* (CH3)oN* (C2H4),0 2.1135 | 2.037 | 1.98021
71 | CuHas | CigHzs | (CH3)oN* (CH3)2N* (C2H.).0 2.585 | 2.356 | 2.74297
72 | CioHos | CioHas | (CH3)oN® | (CH3)oN* | (C2H4)20 3 2.978 | 3.210367
73 | CisHy7 | CisHzz | (CH3)oN* (CH3)2N* (C2H4)20 3.4202 | 3.277 | 3.41162
74 | CuaHag | CagH2g | (CH3)oN* (CHa).N* (C2H.),0 3.7212 | 3.365 | 3.669773
75 | Ci6Hss | CigHss | (CH3)oN* (CH3)oN* (C2H4),0 3.1938 | 3.817 | 4.115813
76 | CeHis | CeHiz | (CH3)oN* | (CH3)oN™ | (CoHa)2S 0.8861 | 0.902 | 0.873973
77 | CsHiz | CgHiz | (CH3)oN* (CH3)2N* (C2aH4)2S 1.4318 | 1.512 | 2.01008
78 | CioHa1 | CioH21 | (CH3)2N* | (CH3)N* | (CoH4)2S 2.2076 | 2.445 | 2.6857
79 | Ci2Has | CaoHos | (CH3)oN* (CH3)oN* (CoH4),S 3.0177 | 3.263 | 3.5478
80 | CuaHag | CiaHzg | (CH3)oN* (CH3)oN* (CoH4),S 4 3.935 | 4.17439
81 | CieHass | CigHass | (CHa3)aN™ | (CH3)oN* | (CaHa)2S 5.0132 | 4.784 | 4.704243
82 | CigHs7 | CigHaz | (CH3)oN* | (CH3)N* | (C2H4).S 6 5.707 | 5.660977
83 | CyoHa1 | CigH21 | (CH3)oN* (CH3)oN* CH,C=CCH, 2.857 | 2.683 | 2.195753
84 | CgHiz | CgHiz | (CH3)N* | (CH3):N* | CH,C=CCH> 1.5935 | 1.731 | 1.476227
85 | CroHas | CioHas O O CH,C=CCH,

,NiC /NiC

c C 3.0506 | 3.183 | 3.146907
86 | Ci2Has | CioHas ? ? CH,C=CCH;

C/NLC C/NLC

3.041 | 285 |2.85001
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87 | CgHiz | CeHir ? (ID CH2C=CCH;
§ NZC < N‘LC
1.4634 | 1.476 | 1.515667
88 | CgHiz | CgHir O O CH2C=CCH;
,NZC ,NZC
C C 1.3206 | 1.335 | 1.58367
89 | CyoH21 | CaoH21 ? ? CH>C=CCH-
§ NLC ‘ N‘LC
2.2757 | 2.357 | 2.2752
90 | CioH21 | CioH21 O O CH>C=CCH;
,NZC ,Nlc
C C 2.2248 | 2.127 | 2.58049
91 CusH2g | CiaHog IC IC CH.,C=CCH>
‘ NZC K N'LC
3.8861 | 3.948 | 3.552023
92 | CgHiz | CgHiz | (CH3)2N* | (CH3)N* C C
: 1.6459 | 1.969 | 2.378227
93 | CgHiz | CgHiz | (CH3)2N™ | (CHa3)2N* c C
1.6289 | 1.795 | 1.664357
94 | CeHyr | CeHyr | (CHs):N* [ (CHs)N* A@/\C
C 1.6108 | 1.402 | 1.74164
95 | CioHa1 | CioH21 | (CHa3)2N* (CHa) N* (CH,CH(OH))., 24318 | 2.518 | 2.76719
96 | CioHas | CioHas | (CH):N* | (CH3).N* | (CH2CH(OH)): 3.1549 | 3.124 | 2.979077
97 | CuaHag | CigH2e | (CH3)oN* (CH3)oN* (CH2CH(OH)) 4.0706 | 3.98 | 3.76745
98 | Ci6Hss | CigHas | (CH3)oN* | (CH3):N* | (CH,CH(OH)), 4301 | 4.246 | 4.476
99 | CioHz1 | CioH21 | AN | A (CH2)4
N N
C C 25702 | 2.6 | 2.67814

59 |




Chapter 3: Development of KNN-PLS-OLS And CONSENSUS aided QSAR models to estimate critical micelle concentration of different surfactants

100 | Ci2Has | CiaHas AN AN (CH2)4
| P | N
c c 3.2518 | 3.194 | 3.704773
101 | CyoHa1 | CiroH2 | AN | AN (CH2)s
e e 2.699 | 2.632 | 3.002397
102 | Ci2Has | CroHos AN AN (CH2)s
| P | P
c c 3.2676 | 3.428 | 3.514247
103 | B- B- PO, (CH3):N* | CoH4
CgHiz | CgHir
3.7212 | 3.545 | 3.0617
104 | B- B- POs (CH3)2N* CoHa
CgHyz CgHi7 3.1549 | 3.052 | 3.003983
105 | B- CoHiwo | POSs (CH3)2N+ CoHs
CgHy7 3.699 | 3.576 | 3.054547
106 | B- CuHos | POs (CH3)2N+ CoH4
CgHi7 3.8239 | 3.911 | 3.821183
107 | CioHzs | CioHos | (CH3)oNY (CH3)2N* (C2H40).CoH4 3.0362 | 3.098 | 3.186617
108 | CioHas | CioHas | (CH3)o:N™ | (CHs)aN' | (C2H40)sCoHs 3.0655 | 2.765 | 2.607
109 | Ci2Has | CioHos | (CH3)oN™ | (CH3)aN* | (C2H40)4CoH4 3.0458 | 2.624 | 2.12586
110 | CioHas | CioHos | (CH3)oNY (CH3)2N* (C2H40)s5CoH, 2.9101 | 2.805 | 2.23469
111 | E- E- (CHs3)eN*™ | (CH3)2N* | (CH2)3
C10 C10 3.2596 | 3.485 | 3.735947
112 | E- E- (CH3)2N* (CH3)2N* (CH2)4
C0 C10 3.2218 | 3.034 | 3.192703
113 | E- E- (CHs3)eN*™ | (CH3)2N* | (CH2)s
C10 C10 3.2403 | 3.33 | 3.85064
114 | E- E- (CH3)2N* (CH3)2N* (CH2)s
CuO | CuO 3.58 3.59 | 3.981573
115 | E- E- (CHa)N* (CHa)2N* (CH2)a4
Cu0 C10 3.3799 | 3.333 | 3.496483
116 | E- E- (CH3)2N* (CH3)2N* (CH2)s
C10O C10 3.4802 | 3.772 | 4.102373
117 | E- E- (CHs)N* | (CH3)N* | (CH2)3
C10 C160 45406 | 4.422 | 4.704307
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118 [E-  |E- | (CH):N" | (CH):N" | (CH2)s

C10 C160 4.3507 | 4.593 | 4.30039
119 | E- E- (CH3)2N* (CHa).N* (CH2)s

C1s0 Ci0 4.4101 | 4.536 | 4.67236
120 | CiaHag | CuaH2g | (CH3)oN* | (CH3)oN* | (CHy)s 3.8013 | 3.739 | 3.79092
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Table 111.2:Selected list of molecular descriptors calculated by AlvaDesc with their signification and type

Descriptors code

Descriptors signification

Descriptors Type

VE2_B(i) Average coefficient of the last eigenvector (absolute values) from Burden matrix weighted by ionization potential | 2D matrix-baseddescriptors
RBE Rotatable bond fraction Constitutionnel indices
nROR Number of ethers (aliphatic) Randicmolecular profiles

CATS2D_02_AL

CATS2D Acceptor-Lipophilic at lag 02

Pharmacophoredescriptors

GATS4m

Geary autocorrelation of lag 4 weighted by mass

2D autocorrelations

Eig05_AEA(dm)

Eigenvalue n. 5 from augmented edge adjacency mat. weighted by dipole moment

ETA indices

ITH Total information content on the leverage equality GETAWAY descriptors
RDFO050m Radial Distribution Function - 050 / weighted by mass RDF descriptors

G1lu 1st component symmetry directional WHIM index / unweighted WHIM descriptors
Mor28m Signal 28 / weighted by mass 3D-MoRSE descriptors
Mor25m Signal 25 / weighted by mass 3D-MoRSE descriptors

CATS3D_12_AA

CATS3D Acceptor-Acceptor BIN 12 (12.000 - 13.000 A)

CATS 3D descriptors

Mor09u Signal 09 / unweighted 3D-MoRSE descriptors
PJI3 3D Petitjeanshape index Geometricaldescriptors
E2m 2nd component accessibility directional WHIM index / weighted by mass WHIM descriptors

VE2 RG Average coefficient of the last eigenvector (absolute values) from reciprocal squared geometrical matrix 3D matrix-baseddescriptors
TDB0O9v 3D Topological distance-based descriptors - lag 9 weighted by van der Waals volume 3D autocorrelations

JGI10 Mean topological charge index of order 10 2D autocorrelations
RDF0O80mM Radial Distribution Function - 080 / weighted by mass RDF descriptors
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RDF060mM Radial Distribution Function - 060 / weighted by mass RDF descriptors
H-052 H attached to C%p3 with 1X attached to next C Atom-centred fragments
RDFO75m Radial Distribution Function - 075 / weighted by mass RDF descriptors
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DEVELOPMENT OF KNN-PLS-OLS AND CONSENSUS
AIDED QSAR MODELS TO ESTIMATE CRITICAL
MICELLE CONCENTRATION OF DIFFERENT
SURFACTANTS

111.3.5.Results and Discussion
111.3.5.1.Descriptors calculation and selection of relevant descriptors

Using AlvaDesc, 5305 descriptors were calculated for each surfactant. The method used
to select the most significant descriptors was described previously. 22descriptors were
selected with stepwise regression. For each model, we used the same type and number of
descriptors, as well as the same composition of the training and test sets. A set of the selected

descriptors is summarized in table 2 with their signification and types.

K axis - VARDDT /Y axis - TDBOGv

* e . . > '; ] * ... ]
2.6- » s [ L] AP, RN B o .
et o ] :“b ¢ :.: . o.. o %
& L ]
24- . : o0 @ * .; :o: * 3 * ..o'
*, o * s ¢ *
L ] »
22- . . A
. * .
2 o . .
18- ¢
08 1 12 14 16 18 2 22 24 26 28 3 32 34 36 38 4 42 44 46 48 3 32 34 36 & 6
Figure 111.3: Scatter plot representing the descriptor (X axis — VAROOL /Y axis —
TDBO09V) against the CMC values in the training set.
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Figure I11. 4: Scatter plot representing the descriptor (Xaxis-VAR001/Y axis-RBF )
against the CMC values in the training set.
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111.3.5.2.0LS model development:

X axis - WARDDT /Y axis - Predicted
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Figure 111.5: Scatter plot of descriptor representing the predicted values against CMC
values(X axis-VAROQ01/Yaxis —Predicted) by the OLS model for the train/test set.
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Figure 111.6: Scatter plot of two descriptor representing the residuals values against the

CMC (Xaxis—VAR001/Y axis—Residuals) by OLS model for the train/test set.

This model (OLS) shows a good correlation between the experimental and predicted values
of the CMC .with a determination coefficient ( R2=0.98) and ( RMSE= 0.15) and confirmed
by a range of residuals with vary between (-0.6- 0.4) for the global data set.
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111.3.5.3.KNN model development
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Figure I111.7:Scatter plot of the descriptor representing the predicted values against

the CMC values (X axis-VARO001/Yaxis —Predicted) by the KNN model for the train/test
set.
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Figure 111.8: Scatter plot of the descriptor representing the residuals values against the
CMC values (X axis-VAROQ01/Yaxis —Predicted) by the KNN model for the train/test set.

This model (KNN) shows a bad correlation between the experimental and predicted values
of the CMC .with a determination coefficient ( R? = 0.275) and ( RMSE=0.99) and confirmed
by a range of residuals with vary between (-2- 3) for the global data set.
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111.3.5.4.Consensus 1model
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Figure 111.9:Scatter plot of the descriptor representing the predicted values against

the CMC values (X axis-VAR001/Yaxis —Predicted) by the Consensus 1 model for the

train/test set.
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Figure 111.10:Scatter plot of the descriptor representing the Residuals values against

the CMC values (X axis-VARO001/Yaxis —Residuals ) by the Consensus 1 model for the

train/test set.

This model (Consensus 1) shows an acceptable correlation( in contrast to the KNN model),
between the experimental and predicted values of the CMC .with a determination coefficient
( R? =0.80) and ( RMSE=0.51) and confirmed by a range of residuals with vary between

(-1- 1.5) for the global data set.
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111.3.5.5.KNN2 model with 166 MACCS fingerprints
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Figure I11.11:Scatter plot of the descriptor representing the predicted values against
the CMC values (X axis-VARO001/Yaxis —Predicted) by the KNN2 model for the

train/test set.
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Figure 111 12. Scatter plot of the descriptor representing the Residuals values against
the CMC values (X axis-VAR001/Yaxis —Reseduals) by the KNN2 model for the

train/test set.

This model (KNN 2) shows a bad correlation between the experimental and predicted values
of the CMC .with a determination coefficient ( R? =0.33) and ( RMSE=0.93) and confirmed
by a range of residuals with vary between (-2 - 2) for the global data set.
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111.3.5.6.KNN3model with 1024 Hashed fingerprints
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Figure 111.13:Scatter plot of the descriptor representing the predicted values against
the CMC values (X axis-VAR001/Yaxis —Predicted) by the KNN3 model for the
train/test set.
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Figure 111.14: Scatter plot of the descriptor representing the Residuals values against
the CMC values (X axis-VARO001/Yaxis —Residuals) by the KNN3 model for the
train/test set.

This model (KNN 3) shows an acceptable correlation between the experimental and
predicted values of the CMC .with a determination coefficient ( R? =0.81) and

( RMSE=0.49) and confirmed by a range of residuals with vary between (-1 - 2) for the global
data set.
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111.3.5.7.Consensus 2 model of KNN2+KNN3
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Figure 111.15: Scatter plot of the descriptor representing the predicted values against
the CMC values (X axis-VAR001/Yaxis —Predicted) by the Consensus 2 model for the

train/test set.
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Figure 111.16: Scatter plot of the descriptor representing the Residuals values against
the CMC values (X axis-VAR001/Yaxis — Residuals) by the Consensus 2 model for the

train/test set.

This model (Consensus 2 ) shows an acceptable correlation between the experimental and
predicted values of the CMC .with a determination coefficient ( R? =0.82) and (RMSE=0.48)
and confirmed by a range of residuals with vary between (-1 - 2) for the global data set.
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111.3.5.8.PLS

The results obtained with PLS model for the prediction of CMC of Gemini surfactants,

using 120 compounds, are summarized below:
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Figure 111.17:Scatter plot of the descriptor representing the Predicted values against
the CMC values by the PLS model for the train/test set.
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Figure 111.18:Scatter plot of the descriptor representing the Residuals values against
the CMC values by the PLS model for the train/test set

This model (PLS) shows an acceptable correlation between the experimental and predicted
values of the CMC .with a determination coefficient ( R? =0.94) and (RMSE=0.25) and

confirmed by a range of residuals with vary between (-2.5 - 1) for the global data set.
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A comparison between the tested models is represented
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Model Model Model Model Model Model
OLS1 KNN 1 Consensus KNN 2 KNN 3 Consensus
1 2
mR? 0.983 0.257 0.803 0.344 0.815 0.825 |0.947642007
m RMSE 0.152 0.994 0.513 0.935 0.497 0.483 0.255186629

Figure 111.19: Comparison of the performance of different models using different
statistical parameters when predicting CMC values during the training stage (84

systems).
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sl s2
m R? 0.968 0.382 0.814 0.361 0.876 0.799 [0.8193465
B RMSE| 0.218 0.963 0.529 0.979 0.431 0.549 |0.51566307

Figure 111.20: Comparison of the performance of different models using different

statistical parameters when predicting CMC values during the test stage (36 systems).

As can be seen in Figures ( 111. 19 and 111.20), the comparison of the performance of
different linear models (KNN PLS OLS Consensus ) which review the R? and RMSE values
to estimate the CMC of Gemini surfactant ,as we find out that the best( model) is the OLS
for the two error optimized (R?= 0.968 )( RMES =0.218 ) in 36 systems.

Such as in 84 systems (R?70.983) (RMES =0.152) a quince to other model values .
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DEVELOPMENT OF KNN-PLS-OLS AND CONSENSUS
AIDED QSAR MODELS TO ESTIMATE CRITICAL
MICELLE CONCENTRATION OF DIFFERENT
SURFACTANTS

111.4.Conclusion

The Ordinary Least Squares model developed in this study can be used to estimate the
CMC of di-bromides Gemini surfactants based on 22 selected descriptors with high
performance in comparison to the other tested models. The obtained deviation against the
experimental values can be explained by the fact that the selected descriptors for QSRR
analysis could not capture some relevant structural features that may be present in these
compounds. The obtained OLS model can be used to estimate CMC of new Gemini
surfactants if these later locate within the AD of the model. With

(R?=0.968 ) (RMES =0.218) in the test set.
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General Conclusion:

The objective set for this work was to study the modeling of critical micelle
concentration (CMC) of Gemini surfactants using QSPR model based on five regression
models (KNN-PLS-OLS and Consensus, With defining the different methods used to
model the physicochemical substance adapted to the surfactant, Building a theoretical
approach QSPR to predict the best model to use.

In this study, we built the QSPR model which is a mathematical model accompanied
with the exploration of the chemical information involved therein,and allow the prediction
of a chemical response of relatively large number of compounds, and employing less
computational time, where it can provide valuable information by aiding rational designing
strategy with minimal cost involvement.

QSPR models were established with a successful strategy for predicting the CMC of
surfactant.The data set was collected from previous published literature containing 120
Gemini surfactants with their CMC which represent the input and the output was
considered as the descriptors calculated.

To build the QSPR model five regression methods( PLS,KNN AND OLS ) were used
and modeled using the AlvaDesc software and for the PLS model was model using a free
network application.

As a consequence a comparison was conducted between all the models,and we

concluded that the OLS was the best model for predicting the CMC of Gemini Surfactants.

With (R2=0.968 )( RMES =0.218) in the test set.
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