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Utilisation des hydrogels dans les systtmes de délivrance des
médicaments : conception de réseau et modélisation basée sur les

techniques d’intelligence artificielle.

RESUME

Cette étude porte sur le développement d'une formulation d'insuline a libération prolongée inhalée et
sur le développement d'un modele neuro-floue pour prédire la cinétique de libération d'insuline a partir
d'hydrogels réticulés carbomere-agar. Les hydrogels ont été fabriqués en mélangeant du carbomere et
de l'agar, en incorporant du glycérol et du propyléne glycol, puis en réticulant par polycondensation.
La structure et la morphologie de 1'hydrogel ont été caractérisées a l'aide de la spectroscopie par
résonance magnétique nucléaire du proton (\H-RMN), de la spectroscopie infrarouge a transformée de
Fourier (FTIR) et de la microscopie électronique a balayage (SEM). Des études de libération de
médicament in vitro ont été réalisées a I'aide de la chromatographie liquide haute performance (HPLC)
et le profil de libération d'insuline a été analysé a l'aide du modéle Korsmeier-Pepas, afin de mieux
comprendre le mécanisme d'administration du médicament. L'étude présente un modele de systeme
d'inférence neuro-floue adaptatif (ANFIS), qui a été formé sur des données expérimentales, pour
prédire et optimiser les taux de libération d'insuline a partir d'hydrogels. Le mod¢ele comprenait des
variables telles que les concentrations des réticulants et le temps de polycondensation comme entrées
et le taux de libération comme sortie. Notre modele ANFIS a démontré une forte corrélation entre les
résultats prédits et expérimentaux, atteignant un niveau de précision exceptionnel avec une valeur R?
de 0,9999 et un RMSE de 2,159.1072. Cela confirme sa précision et sa fiabilité dans la prédiction du
comportement de libération d'insuline a partir d'hydrogels. Cette recherche présente une nouvelle
approche pour l'administration contrdlée d'insuline par inhalation, avec un impact transformateur
potentiel sur le traitement du diabéte en améliorant la commodité, I'absorption et I'adhésion du patient

par rapport aux méthodes conventionnelles.

Mots clés : Modélisation neuro-floue ; Hydrogels ; Administration d'insuline ; Polycondensation ;

Cinétique de libération de médicament.




Use of hydrogels in drug delivery systems : network design and
modeling based on artificial intelligence techniques.

ABSTRACT

This study focuses on the development of an inhaled extended-release insulin formulation and the
development of a neurofuzzy model to predict the insulin release kinetics from carbomer-agar cross-
linked hydrogels. The hydrogels were fabricated by mixing carbomer and agar, incorporating glycerol
and propylene glycol, and then cross-linking by polycondensation. The structure and morphology of
the hydrogel were characterized using proton nuclear magnetic resonance (‘H-NMR) spectroscopy,
Fourier transform infrared spectroscopy (FTIR), and scanning electron microscopy (SEM). In vitro
drug release studies were performed using high-performance liquid chromatography (HPLC), and the
insulin release profile was analyzed using the Korsmeier-Pepas model, to better understand the drug
delivery mechanism. The study presents an adaptive neurofuzzy inference system (ANFIS) model,
which was trained on experimental data, to predict and optimize insulin release rates from hydrogels.
The model included variables such as cross-linker concentrations, polycondensation time as inputs,
and release rate as outputs. Our ANFIS model demonstrated a strong correlation between predicted
and experimental results, achieving an exceptional level of accuracy with an R? value of 0.9999 and
an RMSE 0f2.159.102. This confirms its accuracy and reliability in predicting insulin release behavior
from hydrogels. This research presents a new approach for controlled inhalation insulin delivery, with
a potential transformative impact on diabetes treatment by improving convenience, absorption, and

patient adherence compared to conventional methods.

Keywords : Neuro-fuzzy modeling ; Hydrogels ; Insulin delivery ; Polycondensation ; Drug release

kinetics.
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General Introduction

Hydrogels have revolutionized the field of technology, particularly in healthcare, material
science, the food industry, and pharmaceuticals, over the past few decades. This thesis focuses
on the applications of hydrogels in sustained-release drug delivery systems, emphasizing their
potential to transform the management of chronic diseases such as diabetes [1]. Hydrogels are
three-dimensionally hydrated networks composed of water-soluble macromolecules. The term
"hydrogel" is derived from the Greek words "hydro" (water) and "gelos" (gel), indicating water-
like gels. These materials have the capacity to hold a high quantity of aqueous solutions, up to
thousands of times their own weight in water, and due to their cross-linked network
arrangement, they can swell but not dissolve [2]. Hydrogels are categorized based on different
characteristics and properties. They can be primarily classified into smart and non-smart
hydrogels based on their response to stimuli. Furthermore, based on their release behavior,
which significantly influences the drug release mechanism, they can be classified into pH-
sensitive, biodegradable, and other types. For instance, hydrogels that are sensitive to heat can
be designed to deliver drugs to a specific region of the gastrointestinal (GI) tract. Smart
hydrogels can withstand the acidity of the stomach and travel to a desired, potentially more
vulnerable area of the GI environment to release the drug. Alternatively, smart hydrogels can
be engineered to release the active ingredient at a predetermined rate as it travels through the
body, providing a consistent plasma drug level [3]. Hydrogels are one of the best materials
preferred for controlled drug delivery purposes. This is because hydrogels can swell while still
retaining their three-dimensional network structure. They swell when coming into contact with
water or biological fluids, similar to the matrix system, ensuring biocompatible applications.
[4]. There are many advantages of using hydrogels for drug delivery systems. Hydrogels, due
to their high-water content, are very similar to human tissue; hence, they are biocompatible.
The drugs are released in a controlled manner and not all at once, known as "burst release."
This helps in improving the efficacy of the therapy while minimizing the incidence of adverse
events. Hydrogel drug delivery systems can be designed to provide zero-order release, first-
order release, or any desired release profile simply by altering the hydrogel matrix. Hydrogels
are used to make oral liquid formulations that can also contain more than 99% of the

medicament as an oral gel.

The development of various insulin delivery systems to mimic endogenous insulin secretion is

critical to the management of diabetes. Disorders in insulin secretion, insulin action, or both
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can lead to diabetes. Despite advancements in insulin and glucose management since the first
insulin injection in 1922 and the subsequent launch of the first insulin pump in the 1960s, a
significant portion of insulin-treated individuals still do not achieve optimal glucose levels [5].
Current insulin delivery devices offer some degree of customization and are available in a
variety of styles; in addition, several system innovations have occurred in recent years. No less
than half a billion people are currently living with diabetes. In the United States alone, 1.5
million new cases are diagnosed each year, according to the American Diabetes Association.
Although there is a steady rise in diabetes incidence, the advent of technological advancements
in the area of insulin delivery systems has generated a surge of desire, curiosity, and investment
from the research community and affected patients [6]. Traditional insulin delivery systems,
mechanical insulin pumps, pen devices, and inhalation devices are the available insulin delivery
systems. Various insulin delivery systems and devices have been introduced in the past few
decades. Recent technological advancements have given rise to automated systems, including
Continuous Glucose Monitoring (CGM) and real-time sensors. Ongoing research will enable
development in more areas, resulting in new innovative products with advanced capabilities.
Insulin delivery products are being combined with sensors, actuators, and computation, among
others. New products include an insulin micro-pump with an automated controller and an
advanced insulin pump that delivers insulin as a result of an "onboard" control component.
Despite some challenges, automated systems have been shown to be helpful to individuals in

achieving appropriate glycemic control [7].

Artificial intelligence (Al) is being used extensively for biological and medical research and
development. These functions can be classified into three types: predictive (i.e., using Al
algorithms to make predictions about biological systems), descriptive (i.e., using Al algorithms
to identify patterns and relationships within biological systems), and generative (i.e., using Al
algorithms to design molecules, drugs, or materials from a set of defined criteria). The broad
use of Al in drug discovery and clinical trials is expected to speed up the development process,

including a 29% reduction in drug development times, and in clinical trials, reduce sample size

[81[91[10][11].

Modeling hydrogel networks presents several challenges due to their complex behavior and
multi-scale phenomena. Characterizing the dynamic responses of hydrogels is particularly
difficult, as their properties can evolve autonomously due to the relaxation of internal stresses.
Additionally, integrating multi-scale phenomena, such as the link between connectivity in the

network structure and the non-linear mechanical response, remains a largely unexplored area.
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The objective of this thesis is, on the one hand, the innovation of an inhaled sustained-release
form of insulin, through the synthesis of chemically crosslinked hydrogels using small
molecules to link polymer chains. On the other hand, the development of a neuro-fuzzy model
specifically tailored to predict insulin release kinetics from polycondensed agar-carbomer
hydrogels. The structure and morphology of the hydrogel were analyzed using Scanning
Electron Microscopy, Proton Nuclear Magnetic Resonance, and Fourier Transform Infrared

Spectroscopy [9].

The significance of this research lies in its potential to overcome existing challenges in diabetes
treatment. By palliating issues associated with traditional subcutaneous injections, such as
variability and discomfort, this innovative approach could improve patient adherence and
overall quality of life. The development of a neuro-fuzzy model for predicting insulin delivery
from crosslinked agar-carbomer hydrogels could provide a more accurate and reliable method
for managing diabetes, enhancing the efficacy of insulin therapy and reducing the risk of

adverse events [9].

In conclusion, hydrogels offer a promising solution for sustained-release drug delivery systems,
particularly in the management of chronic diseases such as diabetes. Their unique properties,
including biocompatibility, controlled release, and versatility, make them an ideal material for
drug delivery applications. The integration of artificial intelligence in drug discovery and
development, along with the development of advanced insulin delivery systems, holds great
potential for improving patient outcomes and quality of life. This thesis aims to contribute to
this field by developing an inhaled sustained-release form of insulin and a neuro-fuzzy model

for predicting.
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I.1. Introduction

This section aims to establish a foundational understanding of hydrogels, laying the groundwork for
exploring their diverse range of applications, specifically in drug delivery. Given the diverse range of
hydrogel types, including natural, synthetic, and hybrid hydrogels, it is crucial to comprehend their
distinct characteristics and how they influence their behavior in drug delivery systems. Moreover,
understanding the properties of hydrogels, such as swelling behavior, mechanical strength, and
biodegradability, is vital for predicting and controlling their drug release kinetics and therapeutic
efficacy [1]. In the existing modeling of such hydrogel networks, spring point correlations and both
bending and stretching anelastic behavior of the chain's chemical bonds are considered. These early
models well describe the elasticity of long polymer chains in good solvents for neutral hydrogels and
for transient networks. However, their longer networks are challenging to interpret with this simple
analytical approach. As a result, a comprehensive data fit procedure might necessarily be employed to
model the mechanics of their volume transitions [2]. Artificial intelligence (Al) is a renaissance tool
that has the potential to change the drug delivery landscape, from accelerating the development of new
delivery systems to enabling complex drug delivery designs to improve therapeutic outcomes. Al is
ushering in a new era of digital drug delivery systems that will harness the power of big data,
mathematical modeling, and machine learning methods to uncover insights that were previously
unattainable. These advancements will streamline, accelerate, and fundamentally transform the way

we discover, design, and deliver drugs to patients [3].

1.2. Hydrogels in Drug Delivery Systems

1.2.1. Definition and Properties of Hydrogels

The definition and properties of hydrogels make them highly attractive for drug delivery purposes.
Their high-water content and porous structure enable efficient loading and release of drugs (Figure
I.1), while their biocompatibility and tunable mechanical properties make them ideal for various
administration routes, including oral, transdermal, and intraocular delivery. Furthermore, the ability of
hydrogels to protect sensitive drugs from degradation and provide sustained release over time has made
them increasingly important in the development of advanced drug delivery systems. Consequently, a
thorough understanding of the definition and properties of hydrogels is essential for harnessing their

potential in drug delivery applications [4][5].
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Figure 1.1. Various external stimuli, including pH, temperature, electricity, magnetics, light, and biomolecules (including glucose and
enzyme), are controlling the drug release from a smart hydrogel [6].

Hydrogels are three-dimensional networks of hydrophilic polymers that have the ability to absorb and
retain water. These unique materials are capable of swelling in water without dissolving, making them
highly versatile for various applications, particularly in the field of drug delivery. The properties of
hydrogels, such as their high-water content and soft, rubbery consistency, mimic natural living tissues,
making them suitable for biomedical applications. Additionally, hydrogels can be designed to respond
to specific stimuli, such as pH, temperature, or specific ions, allowing for controlled release of drugs

in response to various physiological conditions [7].

1.2.2. Types of Hydrogels

Overall, the different types of hydrogels each possess unique properties and characteristics that make
them suitable for various drug delivery applications. Understanding these classifications is essential
for selecting the most appropriate hydrogel for specific drug delivery needs, considering factors such

as biocompatibility, responsiveness, and mechanical properties.

Another classification of hydrogels is based on their responsiveness to external stimuli, leading to the

categories of physical and chemical hydrogels (Figure 1.2). Physical hydrogels rely on non-covalent
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interactions, such as hydrogen bonding, hydrophobic interactions, and physical entanglements, to
maintain their network structure. These interactions make physical hydrogels sensitive to changes in
environmental conditions, such as temperature, pH, and ionic strength. In contrast, chemical hydrogels
are formed through covalent bonds, offering greater stability and mechanical strength. They can also

be designed to respond to specific chemical triggers, allowing for controlled drug release [8].
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Figure 1.2. Schematic representation of classification of hydrogels based on different parameters (based on ref [9]).

Hydrogels can be classified into several types based on their composition and structure. One
classification is based on the source of the hydrogel, which includes natural, synthetic, and hybrid
hydrogels. Natural hydrogels are derived from biomaterials such as alginate, chitosan, collagen, and
hyaluronic acid. These hydrogels offer biocompatibility and biofunctionality, making them suitable
for biomedical applications. On the other hand, synthetic hydrogels are created through the
polymerization of monomers to form a network structure, allowing for precise control over their
properties. Hybrid hydrogels combine natural and synthetic components to harness the advantages of

both types [10].

1.2.3. Applications of Hydrogels in Drug Delivery

The applications of hydrogels in drug delivery are diverse and promising, offering solutions for the
challenges associated with traditional drug delivery systems. From sustained release to stimuli-
responsive delivery and site-specific targeting, hydrogels have the potential to revolutionize the field

of pharmaceuticals and improve patient outcomes [6].
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Furthermore, the stimuli-responsive nature of hydrogels allows for the development of smart drug
delivery systems. By incorporating stimuli-responsive elements into the hydrogel matrix, such as pH,
temperature, or enzymes, it is possible to trigger the release of drugs in response to specific
physiological conditions.... This level of precision and control in drug release is particularly
advantageous for targeted therapies and personalized medicine. Moreover, hydrogels can be designed
to adhere to biological tissues, providing localized drug delivery at the site of interest, minimizing

systemic side effects [6].

Hydrogels have gained significant attention in the field of drug delivery due to their unique properties
that make them suitable for various pharmaceutical applications. One of the key applications of
hydrogels in drug delivery is their ability to provide sustained and controlled release of drugs. This is
achieved by the incorporation of drugs within the hydrogel matrix, allowing for gradual release over
an extended period of time. Additionally, the porous structure of hydrogels enables the encapsulation
of a wide range of drugs, including small molecules, proteins, and peptides, making them versatile

delivery systems for different therapeutic agents [11].
1.2.4. Crosslinking Techniques
1.2.4.1. Chemical Crosslinking Techniques

There are various chemical methods for executing the above process. The first is the UV irradiation
technique, which is one of the most widely used chemical crosslinking techniques (Figure 1.3). It
utilizes a water-soluble photoinitiator which should be dissolved with polymer chains in the solution.
Once this system is irradiated, the photoinitiator absorbs the UV light and accordingly generates
radicals. These radicals can generate various free radicals from the polymer chains [12]. The second
method is gamma-irradiation. The advantage of this technique is that the irradiated polymer can be
sterilized because the ionizing radiation that is generated during the irradiation process is germicidal
too. The third category is the electron beam exposure of the macromer. After applying this, the free
radicals originate from the polymer chains. The electron beam can penetrate the system without
generating heat. The fourth category is the use of physical thermal stimuli in the presence of

photostable photoinitiator. Finally, redox initiators can also be utilized [13].

Chemical crosslinking is the most commonly used method of hydrogel crosslinking. In a chemical
crosslinking process, multifunctional molecules that can react with the reactive moieties present in the

polymer chains are used. A macromer is a compound which has the functional groups that take part in
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the crosslinking reactions. By this chemical process, the quantity of network sites is controlled. The
gelation and swelling of the hydrogel are controlled by the polymer type itself and the degree of
crosslinking. This type of crosslinking is often performed after the desired shape of the hydrogel is
fabricated. Therefore, one advantage of the chemical crosslinking method is that it can be used to

prepare hydrogels with various shapes [14][15].
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Figure 1.3. Methods of cross-linking hydrogels [16]

1.2.4.2. Physical Crosslinking Techniques

Physical techniques of hydrogel crosslinking generally rely on the utilization of specific physical
factors and phenomena to fix hydrogel polymer chains in space (Figure 1.4). In turn, physical crosslinks
are formed through short-range interactions between intra- and inter-chain groups in most types of

hydrogels, also called "junction zones." During the early stages of physical hydrogel crosslinking,
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junction zones form due to transient interactions between functional groups or segments of insoluble
macromolecules (e.g. the crystallization of macromolecular chains in double and triple helices or
lamellae), which, in contrast to permanent covalent associations in chemically crosslinked hydrogels,
lack effective crosslinking. Besides, the presence of reversible physical crosslinks can lead to temporal
deswelling of hydrogels. In turn, hydrogel crosslinked by reversible physical interactions remains in

the gel state only under certain conditions and can experience reversible transitions [17][18].
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Figure 1.4. Schematic illustration of hydrogel fabrication. (a) Physical crosslinking. (b) Chemical Crosslinking [16].

1.2.5. Drug Delivery Systems

Hydrogels made of natural or synthetic polymers are extensively exploited as drug carriers in various
applications. They can sustain drug releases in a controlled manner. This article gives a brief review
of hydrogels for drug delivery. It includes drug release mechanisms, the effects of the properties and

external environments of hydrogels on drug releases, and some examples of hydrogels for drug
delivery [19].

Drugs can be administered through different routes such as oral, injectable, transdermal, and inhalable.
Each method faces its own limitation. Oral drug deliveries require the movement of the drug through

the gastrointestinal tract, and the drugs can be exposed to harsh conditions such as acidic pH and
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digestive enzymes [19]. Injectable drug deliveries have challenges in maintaining the drug at constant
release rates and spreading the drugs for a wide therapeutic window. For the transdermal route, the
molecular size and lipophilicity of the drugs are limited. It is difficult to deliver high molecular weight
and hydrophilic drugs. For the inhalable drug delivery, it requires the patients' coordination for
effective delivery. To overcome these limitations, drug delivery agents can be designed to improve the
performance. One of the most promising and adaptable methods is to develop hydrogels as drug

carriers [20].

1.2.5.1. Drug Delivery Systems and Mechanisms

In order to facilitate drug delivery, a variety of drug delivery systems have been developed. The release
of drugs from various drug delivery systems is primarily based on different drug diffusion rates,
solubility rates, and dissolution rates in different media (water, biological fluid, etc.) or different
physical and chemical transformation mechanisms [21]. The release of drugs from most conventional
drug delivery systems depends on physical principles such as passive diffusion, filtration, osmosis,
and chemical principles such as ion exchange, hydrolysis, or chemical bond cleavage. However, due
to the environment-altering characteristics of reactions based on these principles, the drugs can be
released in fixed locations, uncontrolled locations, or non-target locations inside the body, which lead

to drug waste, degradation, and ineffective drug administration [22].

Also, the drugs released using these principles can be eliminated because they are rapidly removed
from the body. Also, it is difficult to intake some drugs due to their hydrophobic/hydrophilic nature or
low permeability. Hence, to produce a better drug delivery system with a reduced rate of drug removal,
previous research studies of drug release systems concentrated on the development of nanoparticle
structures that release a drug into specific target areas with time- or concentration-controlled release

[19].

1.2.5.2. Advanced Drug Delivery Systems

The next generation of drug delivery systems (DDS) is based on cell growth and regeneration,
attempted by the use of biomimetic or tissue-engineered systems. Such advanced DDS can be giant in
order to treat injuries, prevent scar tissue formation, deliver drugs continuously for several weeks, and
avoid syringe administration. Polymeric DDS is a powerful foundation for these systems. Some of
these advanced delivery systems need to be implanted in order to function, and hydrogels are a

desirable implant material due to their soft, water-swollen nature [6]. Small biomolecules, peptides,

10



Chapter I | Literature Review

and genetic material like DNA or RNA can be used as drugs to control tissue responses. Such high-
molecular-weight or charged drugs require physical or biochemical assistance to reach therapeutic

concentrations [23].

1.2.6. Hydrogel Synthesis

The synthesis of hydrogels is dependent upon both the particular monomer and the crosslinking agent
used. The reaction choice is determined by the crosslinking agent used. Hydrogels have been reported
to contain either physical or chemical crosslinks, or a combination of the two. Most smart or stimuli-

responsive hydrogels contain chemical crosslinks, which provide better mechanical strength [24].

First, macromer monomers undergo a free radical or anionic polymerisation by initiators as the
crosslinker to form the hydrogel network. However, the crosslinking reaction can be limited by the
material conversion, especially for the manufacturing of large hydrogel structures. The introduction of
extra photosensitive groups by side chain functionalisation is one of the strategies for primary
macromers to be polymerised by photopolymerisation, of numerous advantages like low harm, high
spatial and temporal resolution. These properties allow the prepolymers to readily encapsulate or
suspend the drug cargo and create the final hydrogels directly around the cargo by photopolymerisation
with high directionality and control, so as to achieve better therapeutic efficiency and minimised off-

target effects, as well as fast swelling-drug release response [25].

1.2.6.1. Natural Hydrogel Synthesis

In recent years, the attention of the scientific community has been attracted by the use of molecules
derived from natural sources in the preparation of hydrogels. These molecules often possess extremely
interesting properties, such as biocompatibility, gelation under mild conditions, processability, and
functionalization with organic or inorganic compounds. The use of natural peptides to prepare gels is
not new, and in many cases, hydrogels obtained naturally from these peptides are employed. In this
context, it was reported the use of an octapeptide to obtain a hydrogel that could change its mechanical

property by binding to bovine serum albumin (BSA) [26].

Many synthesized molecular structures can be collected under the general name of "peptidic", given
that they indeed often possess in their structure the presence of amide bonds, amino acid units, and
carboxylic acid groups. Besides being common in nature, peptides are extremely versatile chemical

entities that can be employed in high added-value products. Due to their diverse composition, and
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consequently different three-dimensional structures, peptides possess unique biochemical activity and

can carry out a wide variety of biological functions [27].

1.2.6.2. Synthetic Hydrogel Synthesis

Synthetic hydrogels are developed using either free radical polymerization, which involves the use of
a chemical initiator to generate radical sites on monomeric units, which reacts functionalized
polymeric chains. Free radical polymerization is the most common reaction used in the development
of synthetic networks, with UV or thermal generation mechanisms typically employed. Hydrogels
synthesized through this method are either copolymerized or end-crosslinked, by utilizing different
functional groups on the monomer or by incorporating a bi-functional small molecule, respectively
[28]. The advantages of this approach are the addition of different functional groups, tailoring the
hydrogel response, such as high strength, using low concentrations of polymeric monomers, and the
formation of a homogeneous network. Conversely, the disadvantages include the lack of control over
the hydrogel structure, the creation of a toxic environment when crosslinked in situ, the application of
harsh processing conditions, and the need for radical inhibitors to prevent premature hydrogel

formation [28].

1.2.7. Characterization Techniques

Pure drug, polymer, and drug-loaded hydrogel possess some similarities in their main characteristic
peaks in FTIR analysis, with different strengths or some shifted wavenumbers. The presence of the
drug can also be confirmed in this test. Particle size, particle distribution, and zeta potential of the
nanosuspension of drug-polymer and drug-polymer-hydrogel can be tested using dynamic laser
scattering. The enthalpy of the drug, polymer, and drug-loaded hydrogel is measured by DSC. The
drug release curve of the drug-loaded hydrogel in vitro and the cumulative release percentage can be
analyzed by UV. The UV instrument can be used to determine the drug concentration in blank hydrogel
without the drug and drug-loaded hydrogel at different time points. The swelling ratio of different

formulas of the drug-loaded hydrogel after water absorption for a certain time is calculated as:

(drug-loaded hydrogel-drug-loaded hydrogel shell / dry hydrogel shell) x 100%.

The stability and particle size of PNIPAAm hydrogel are tested by UV-visible spectrophotometry,
laser granulometry, and scanning electron microscopy. The sample of the drug-loaded hydrogel was

tense glucose solution for testing glucose-sensitive response in vitro [29][30].
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1.2.7.1. Mechanical Characterization

Hydrogels can be covalently or physically connected, allowing for their use as substrates for aging
cells and drug delivery. Physical hydrogels with reversible chemical bonds are especially of interest in
cell and drug delivery, enabling the encapsulated material to change shapes or to sense signals that
cause it to weaken or dissolve rather than be degraded by the encapsulated material. This information
is helpful in the development and characterization of PVA/DMAc for tunable hydrogels. For drugs
attached to hydrogels, this information is crucial at the point of penetration of the hydrogel into the

body [6].

1.2.7.2. Morphological Characterization

Hydrogels are three-dimensional cross-linked hydrophilic networks capable of absorbing a large
amount of water relative to their dry weight, while preserving their structural integrity. Over several
decades, several hydrogels based on natural origin polymers such as dextran, hyaluronic acid, chitosan,
collagen, gelatin, alginate, carrageenan, schizophyllan, and agarose, and synthetic biocompatible
polymers such as poly (ethylene glycol), poly(vinyl alcohol), poly(acrylamide), and poly(2-hydroxy
ethyl methacrylate) were successfully developed. The whey protein gel is an example of a
biopolymeric hydrogel. Whey protein is famously used in the food and pharmaceutical industry, with
good mechanical and controlled release properties. It is thermally stable over a wide range of pH
values, and either non-toxic or even essential for the human body according to FAO/WHO (1989).
Due to their biocompatibility and non-toxic nature, hydrogels were well studied and largely utilized

for drug delivery, tissue engineering, and regenerative medicine [31].

1.2.8. Factors Affecting Drug Release from Hydrogels

Hydrogels are extensively used as drug delivery systems to achieve sustained and controlled drug
release. In such applications, drug release profiles are determined by diffusion of drug molecules
through the hydrogel network and dissolution of drug molecules in water. However, a complex drug
release profile can be achieved by adjusting various factors, such as properties of therapeutic agents

and hydrogels, and external environmental factors [32].

Factors affecting drug release from hydrogels include various properties of therapeutic agents,
hydrogels, and the exterior. Understanding and utilizing these factors are essential for the creation of

hydrogels with precisely controlled release profiles for specific therapeutic agents. The choice of the
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therapeutic agent is the first determinant of the release profile of hydrogel drug delivery systems. To
date, various therapeutic agents have been released from hydrogels. In a controlled release application,
the drug release profile is one of the most characteristic properties of the drug delivery system. The

same therapeutic agent could exhibit any release profile from any hydrogel [33].

1.2.8.1. Hydrogel Composition

Hydrogels are formed by the covalent or non-covalent association of hydrophilic polymer chains. The
various crosslinking methods are reflected in the wide range of compositions from which hydrogels
can be synthesized. The challenge remains to control the hydrogels' molecular composition sufficiently
to tailor their structure, to meet the constraints imposed by the nature of targeted tissue as well as the
physiological state of the process which affects the process of interest. The most common hydrogels
are based on poly(2-hydroxyethylmethacrylate) that is modified with hydrophilic comonomers (e.g.
N-vinylpyrrolidone) [34].

Other modifiers providing hydrogel compositions for drug delivery applications include 2-
hydroxyethylmethacrylic acid. These hydrogels have a density of hydrophilic groups on the polymer
chains that can be modified so that they swell in response to chemical or physical changes of their
environment (by modifying pH, ionic strength, temperature, etc.). Another group of water-swelling
polymers are biodegradable hydrogels utilized for the controlled release of potent biomacromolecules.
In general, these polymers originate from the family of polylactic acid (PLA), polyglycolic acid (PGA),

and their copolymers.

1.2.8.2. Crosslinking Density

Crosslinking density plays a crucial role in modulating the morphological structure and, therefore, the
drug loading and release performances of the hydrogels. It has been demonstrated that the mesh size
of a hydrogel network is closely related to the crosslinking density. A hydrogel whose mesh size is
much smaller than the drug molecule cannot load and release the drug effectively. Thus, the mesh size

of a hydrogel should be suitable for the drug loaded [35].

A series of non-covalently imprinted hydrogels on polyacrylic acid modified with amino groups were
investigated for the sustained release of theophylline, and the template molecules were successfully

released from the cationic copolymers under physiological conditions of pH 7.4. Recent studies
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indicated that the structure of the hydrogel is related to the mole ratio of the monomer and the

polymerization time.

1.2.9. Recent Advances in Hydrogel-Based Drug Delivery

Acknowledging the limitations, the past few years have seen the development of bioactive hydrogels
that actively respond to the body environment and provide well-regulated drug release or direct healing
signals, which can greatly expedite the healing procedure compared to conventional formulations.
Many different strategies are employed to develop smart hydrogel-based formulations, and the
properties are tailored to various types of applications [36]. In the following, we discuss the recent
advances in smart hydrogel systems for drug delivery chronologically: thermosensitive hydrogels,
pH/thermosensitive hydrogels, glucose-sensitive hydrogels, photo-sensitive hydrogels, size-sensitive

hydrogels, reduction-sensitive hydrogels, and hydrogels with multiple properties.

Conventional drug release formulations cannot release the loaded drugs in a specific and controlled
manner, and they are found to have weak regenerative abilities and have limited application. In these
years, it has been found that when the materials interact with the surroundings, they can release drugs
for a prolonged period, and the materials can not only enhance the therapies but also expedite the
healing process. Hydrogels, as drug delivery materials, possess many super properties such as good
biocompatibility, a unique three-dimensional structure, large carrying capacity, and most importantly,
they can be tailored to release drugs in response to specific stimuli. Upon the stimulation of various
endogenous or exogenous factors, smart hydrogels actively release drugs to the sites in need with well-

regulated manners [37].

1.2.9.1. Smart Hydrogels

By simply increasing the crosslinking density of the delivery system, the creation of 'smart' hydrogels
that can change swelling behavior in response to environmental signals has developed over the last
years. Since their porosity and the free amount of water inside them may both be influenced by these
modifications, smart hydrogels are especially interesting for the field of on-off drug releasing, where
the release is regulated by a specific trigger (e.g. pH, glucose, temperature, chemical and biochemical
change) to change their swelling and water holding capacity under on-demand conditions. By tailoring
the field sensitive and its responsiveness, these hydrogels may be prepared for a wide range of external

stimuli of interest [16].
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1.2.9.2. Injectable Hydrogels

Hydrogels have been under extensive investigation for tissue engineering scaffolds, tissue bulking,
and drug delivery, etc. They are appealing for biomedical applications likely due to their high-water
adsorbing, good biocompatibility, biodegradability, and highly tunable physicochemical and
biological properties. Scaffold, tissue bulking, and drug delivery refer to the applications that
hydrogels function as a template to guide cell growth and biological tissue regeneration, treating
symptoms that originate from structural losses of certain tissues or organs, and as vehicles to deliver

drugs to the desired sites to prevent, treat, or diagnose certain diseases, respectively [38].

Injectable hydrogels have attracted growing scientific and clinical interests in the last few years, likely
due to their unique effectiveness in terms of simplifying clinical operations by eliminating surgical
procedures, reducing treatment time and damage, improving surgical precision, and having less chance
of chronic exposure. They are capable of changing solution properties shortly after injection to form

an actual hydrogel within the patient's body [39].

1.2.9.3. Nasal Hydrogels

Mucoadhesive hydrogels are an attractive delivery system for precise nasal drug release due to their
ability to attach to the mucus governing the nasal passage. They provide solutions for several concerns
related to drug formulation, which can be treated using nasal drug delivery. Many hydrogel polymers
have been suggested for nasal delivery. These materials are based on their hydrophilic structure,
biocompatibility, and ability to be loaded within their gel structure [40]. The delivery of hydrogel to
the nasal passage can be enhanced by mixing the gel with the drug, cooling it into a hydrogel-drug
mixture, or simply incorporating the drug into the hydrogel structure. Additionally, by using hydrogels,
one can explore other advantages, such as absorption enhancers to protect the gel structure, hypo-
osmotic agents to preserve the permeability of the mucus-epithelium complex, and metabolic enzymes

to speed up drug metabolism and elimination [40][41].

Nasal drug delivery represents an alternative route for drug administration. Historically, nasal delivery
has mainly been used for the treatment of local conditions, but it has gained attention as a potential
route for more rapid delivery of drugs to the systemic circulation in comparison to oral delivery. It has
been found that the nasal route achieves better absorption in comparison to the oral route, thus avoiding
drug metabolism in the liver and delivering drugs to the systemic circulation quickly. Additionally, it

can be used to bypass the blood-brain barrier and avoid hepatic first-pass metabolism. However, nasal
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drug delivery has its own barriers that restrict its clinical routine usage, like limited residence time of
the drug due to its high clearance from the nasal cavity surface. To address these drawbacks,
researchers over time have worked on several strategies like sophisticated drug delivery systems, such

as nanoemulsions, thermoreversible gels, and mucoadhesive nanoparticles [42].

The Advantages of nasal drug delivery systems are :

- Rapid absorption: The nasal mucosa is highly vascularized, which allows for rapid absorption
of the drug and a shorter onset of action, particularly useful for emergency treatments.

- Non-invasive administration: More comfortable for the patient than injections, especially for
pediatric patients or those with needle phobia.

- Avoids first-pass hepatic administration: The drug is directly absorbed into the systemic
circulation without passing through the liver, which improves its bioavailability.

- Local or systemic targeted action: Local: Effective for nasal conditions (e.g. allergic rhinitis,
sinusitis). Systemic: Used for drugs with a systemic effect (e.g. nasal insulin, vaccines,
analgesics).

- Ease of use: Ideal for self-administration by the patient, thus improving therapeutic
compliance.

- Access to the brain via the nasal route (neural route): Molecules can cross the blood-brain
barrier via the olfactory nerve, providing a pathway for neurological or neurodegenerative

treatments (e.g. Alzheimer's, Parkinson's).

The Barriers of nasal drug delivery systems are :

- Limitation of the administrable volume: The maximum volume per nostril is approximately
200-500 pL, which limits the amount of drug that can be delivered.

- Low absorption for certain molecules: Large molecules (e.g. proteins and peptides) have
difficulty crossing the nasal mucosa without the use of absorption promoters.

- Physiological and environmental factors: Variability of absorption due to nasal secretions, the
pH of the mucosa or pathological conditions such as nasal congestion.

- Irritation of the nasal mucosa: Some excipients or formulations may cause irritation, sneezing
or tissue damage in case of prolonged use.

- Rapid mucociliary clearance: The natural clearance of the cilia reduces the contact time

between the drug and the mucosa, thus decreasing the efficacy.
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- Formulation stability: Nasal formulations, especially for biological molecules, can pose
challenges in terms of stability and preservation.
- Immunological barrier: The nasal mucosa has a local immune system that can degrade certain

molecules before their absorption.

The nasal route has considerable potential to deliver drugs with rapid local or systemic action,
especially for diseases requiring immediate responses or neurological treatments. However,
physiological and technological barriers must be overcome, especially to improve the absorption of

large molecules and the stability of formulations [42].

1.2.9.4. Hydrogel Nanocomposites

The word 'composite' refers to the combination of two distinct materials to create a new material that
has the best friend's properties included. In hydrogel nanocomposites (Figure 1.5), a hydrogel is
resulted by the mixing of the nanodimensional filler which can involve the enhancement of the
mechanical, swelling, elastic, permeation and thermal properties of the initial hydrogel. Due to the
great extents of the advantages of the different hydrogels having the nanocomposite structures for drug
delivery systems, these materials are explained and covered in this review. Of the different
nanocomposite-based hydrogels, including inorganic materials, nanocarbons, and exohedral fillers, in
this section, the improvements of the material properties of the hydrogels are depicted. In the field of
nanomaterials, the variety of nanodimensional fillers that are available leads to a widespread designing

of the hydrogels for desired applications and final requirements. [43][44].

Synthetic: Natural: ; Au
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Polyvinyl alcohol Gelatin . Au nanoparticles
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Poly(glycerol) derivatives Alginate
Poly(lactic-co-glycolic acid) | | Cellulose Graphene Magnetic
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e ——————————
\ )
poners Nano speues
Nanocomposite Hydrogel

Figure 1.5. Nanocomposite hydrogels composed of various polymer matrices filled with different nano-species [44].
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The formation of hydrogels with nanocomposite structures generally begins with the administration of
monomeric materials. A hydrophilic polymer is usually used during the base polymerization to cover
a three-dimensional polymer network inside the nanofiller structure. Heterogeneous properties seen in
these composite materials are provided by the addition of these varying materials into the hydrophilic
polymer network and the reinforced property which could lead to broader application fields [45]. The
different performance of nanostructured fillers has unique individual attributes and is generally due to
their nanoscopic dimensions. The unique role of the nanocomposites that are achieved by the prepared
nanostructured materials in these hydrogels has to be evaluated. A nanoscaled ball is lost in a bed of
hydrophilic matrix molecules and spent the interior of the hydrogel in the morphology. These
nanocavities or nanovoids might typically consist of gas molecules or water molecules executed within

the hydrogel [46].

1.2.10. Advantages and Limitations in Drug Delivery

The various advantages of hydrogels in drug dosage support include their innocuous, robust, and
biocompatible nature, which supports the premise that these hydrogels have fine prospects for clinical
drug uses. Both synthetic and natural polymers can be incorporated to create biodegradable hydrogels,
and they generally possess very affluent, porous, three-dimensional, and colloidal structures. These
diverse types of networks usually encompass hydrophilic repeat units that favorably interact with
water, thus exhibiting a high sorption level. Inclusion of hydrophilic polymers will increase the gel
swelling capacity as well as the merit for using in a large variation of biomedical applications [47].
Hydrophilic polymer-based hydrogel biomaterials show special promise as ideal candidates for
delivery carriers in various studies and research work for drug delivery purposes. The size and shape
of the hydrogel can be manipulated to produce submicron, micron, or millimeter-sized particles, which
produce a variety of drug release profiles. These hydrogels possess numerous characteristics, including
high swelling ratios and accessibility to externally triggered stimuli. External stimuli trigger

controlled-release kinetics [48][11].

However, hydrogels have limitations in their use to mimic the body's natural extracellular matrix
structure. Generally, neutral and negatively charged synthetic polymers degrade throughout the release
mechanism without promoting cell growth and regenerative capabilities. In the case of neutral and
negatively charged synthetic polymers, cell growth and the regeneration of tissues cannot be fully

promoted. Furthermore, additional concerns still exist, which include significant variations in pore size
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distribution and a lack of cellular activities leading to overall limitations in promoting tissue

remodeling [11].

I.3. Traditional Network Design and Modeling of Hydrogels

To date, network design and fabrication of hydrogels mostly depend on empirical strategies. Formal
theories to model polymer gels have maintained an acute interest for over half a century and are
continuously evolving. Two generic approaches based on random media and statistical physics may
currently be distinguished: traditional mean-field treatments and Monte Carlo simulations [49] (Monte
Carlo method, is an algorithmic method for calculating an approximate numerical value using random

processes, i.e. probabilistic techniques).

Hydrogels can be formed not only through equilibrium polymerization mechanisms but also by
nonequilibrium reactions, leading to nonhomogeneous and temporally evolving gels. The focused
network design aims at unraveling universal design rules on how the mechanical properties of
hydrogels can be controlled through the tuning of the history of networks formation under external
boundary conditions [35]. This involved using a minimal lattice-gel model of random networks with
a set of parameters describing the topological and dynamical aspects of a gel formation under
nonequilibrium conditions [50]. The approach is generic and independent of any type of polymer

network.

1.3.1. Conventional methods for hydrogel design and modeling

Traditional hydrogels are dual-responsive by temperature and solvent composition. Dual
responsiveness results from large changes in the solubility of the polymer at certain conditions. In the
case of poly(N-isopropylacrylamide) (pNIPAM), a temperature increase above the lower critical
solution temperature (LCST) drives phase separation [51]. For healthy connective tissues like
cartilage, concentration gradients in metallic ions influence the architecture and thus mechanical
properties of 3D hydrogels from composite ink. Gravitational field was used to induce steady shear in
the polymer network and enhance chain orientation, increasing strength. However, the design of
patterns is challenging in terms of reproducibility and versatility. A 3D molded drug delivery device
with tunable release rates was demonstrated. The tunability arises from differences in LCST and drug
solubility, but only three distinct coatings could be achieved. Current conventional methods provide
simple pathways but lack versatility and reproducibility. Viscoelasticity, light responsiveness, or

stiffness gradients cannot be implemented using basic molds [52][53].
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1.3.2. Modeling Approaches

In the quest to decipher the interactions that dictate the properties of gelatin and non-gelatin hydrogels
at different thermal states, progress was made in elucidating its architecture by taking advantage of
idealizations. These simplifications were employed to explore the underlying physics and to
understand the precise connections between the monomer and polymer processes that perfectly
cooperatively form cross-links while being responsive to temperature. The aim was to develop a
comprehensive argument concerning the network architecture relevant to both systems, establishing

an underlying mechanism that explains the property differences at a microscopic level [54][55].

1.3.3. Limitations of traditional approaches

The real synthetic approaches and experimental measurements involve significant complexities that

cannot be captured by this traditional modeling and design framework.

a) Mesoscopic scale : Most synthetic and experimental works are performed outside the mesh size
scale of the networks where they appear uniform and macroscopically isotropic. The design and
characterization approaches of polymeric networks, however, operate on and transform the networks
on the molecular/mesoscopic scale. This fundamental disconnect compromises access and

controllability at the experimentally relevant scale [56].

b) Heterogeneities : The alkyne/azide click chemistry used for network synthesis and the traditional
modeling approaches treat networks as perfect or homogeneous objects, although they are typically
very polydisperse in almost all aspects, including chain length, elastic constant of chains, and density
of crosslinks. The emergence of defects due to pre-ensnared chains in conjugated reactions or dangling
arms in grafted networks adds another level of complexity. Heterogeneities have a significant impact
on the swellable and elastic properties of networks that cannot be captured using traditional approaches

[56].

c) Memory: Networks made of strongly crosslinked soft polymers possess long timescale dynamics

that are currently not trivial to incorporate within traditional modeling.

d) Anisotropies: Recent inspiration from biological systems and soft robotics has led to the design of
architected networks with controlled anisotropies that cannot be captured using traditional approaches

[57].
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e) Off-equilibrium state: Networks under external fields, such as flow or compressed between surfaces,
break the assumption of self-equilibrium state that underlies traditional modeling and create entirely
nontrivial problems. For example, a swollen polymer gel, on removing a confining pressure, would
relax resulting in non-equilibrium and heterogeneous osmotic pressure distribution, making it hard to

predict its ensuing dynamics [58].

f) Multiple length and time scales: The structural evolution of one or more networks, their intertwining,
and reactions taking place at their overlap involve multiple length scales ranging from chemical,
mesoscopic, to macroscopic scales with separated time scales from very fast, fluid phase to slow

viscous, solidifying phases [56].

I.4. Artificial Intelligence in Drug Delivery Systems

1.4.1. Overview of Al techniques

1.4.1.1. Expert Systems

Expert systems are artificial intelligence programs introduced in theory and applied through techniques
available for synthesizing scientific knowledge by generating an apparatus of systems, rules, and facts.
Thus, the expert systems present answers and solutions for the described problems. The purpose of
expert systems is to mimic the specialist opinion on a specific field or aim at certain goals effectively.
The distinctive characteristics of this type of artificial intelligence are mobility, the capacity for
combining rules, fault tolerance, and automated training in partially sensed environments. The
available literature shows that artificial intelligence methods are a powerful tool to solve both
theoretical and application problems in drug delivery systems, from building and focusing on

formulations to drug targeting [59][60].

Regarding development work, in drug delivery systems, expert systems are expert modules that store
information on drug-drug and excipient-drug interactions, which data are transparent to other systems
in the development process and calculate costs at different production scales, thus optimizing the
product development. This being based on a knowledge-based expert system, after the development
of design and requirements, the expert system points to the ideal and most flexible formulation for

mass production [61].

Al can contribute to protein development and customized biologics by using data analysis (Figure 1.6),

predictive modeling, and pattern recognition tools for better improvisation in the protein development
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process and customized proteins. Knowledge of altered biological pathways and finding disease targets
are required for the same. The prediction of protein folding from amino acid sequences and the use of
deep learning and molecular dynamic simulation for better understanding can be performed by Al. The
prediction of protein/peptide binding affinity and toxicity studies can be performed effectively by Al
with the help of SAR and toxicological datasets [61].
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Figure 1.6. Al into protein product development and customized biologics [61].

1.4.1.2. Neural Networks and Fuzzy Logic

Neural Networks (NN) is a digital representation platform and computational model in the biological
imitation field. NN extremely simulates the way that neurons act, which operate in multicellular
organisms' brains. Neurons can be considered the connecting cells of a neurosystem (Figure 1.7). In
the context of Al, a neural network has been developed to acquire abilities to recognize various

multidimensional, iterative structures which are not computationally demanding because of their
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memory or storage. Neural networks process information and learn patterns that represent experiences,
in other words, they facilitate the development of computational models. In the pharmaceutical field,
this type of modeling technology has been applied for drug development optimization, competitive
assessment, diagnosis of pathologies, medicine, oral drug delivery, and development of improved

materials for pharmaceutical and cosmetic uses [62][63].

Input Layer Hidden Layers Output Layer

Network Inputs
Network Outputs

<:| Back-propagation

Feed-Forward

Figure 1.7. Artificial Neural Network [64].

In drug delivery research, neural networks identify the nature, structure, and parameters obtained from
variables that resolved different problems which evolution contains valuable input/output learning
mechanisms [64]. This model's difficulty diminishes analysis of the relationship between these
variables which associated methodologies link systems optimization in complex, costly, and time-
consuming techniques considering NN's capacity to integrate response surface models. This model for
controlled drug release systems was developed. Several input variables like generation one and two,
also for the release terpolymer matrices spatial network mesh diameter, and drug loading, were

incorporated to predict the release of hydrophilic solvents [61].

Fuzzy logic is an extension of classical two-valued logic that defines the intermediate states of truth

between the two logical states, such as on or off, true or false, and processes based on the degree to
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which a statement is true or false. The foundation of fuzzy reasoning lies with the construction of fuzzy
sets, allowing one to specify a particular value or argument in a word form based on a membership
function. This approach, even if not strictly logical, allows the capture and modeling of human
reasoning. Fuzzy sets are an advancement in the field of data categorization. Fuzzy rules are the core

of fuzzy reasoning, allowing reasoning about data and uncertainty [65][66][67].

1.4.2. Applications of Al in biomedical modeling

The particular challenge of drug delivery systems lies in the different ways in which they release drugs.
The timing, dosing, or location of release can all very well affect the effectiveness and safety of the
treatment. For that reason, it is a relatively recent and interesting field in which Al is being utilized.
The idea of using artificial intelligence in drug delivery systems is no longer new. Although it is still
a very new idea, many new products of this technology and platform either reached clinical trials or
introduced to the market. On the other hand, a more specialized application, patient monitoring and
drug treatment, may also be suitable and could benefit from many others developed main algorithms

and techniques [68].

Artificial intelligence (AI) and machine learning (ML) can automate and link together the many
different stages in pharmaceutical discovery and drug delivery. Since the number of chemical
compounds that researchers need to investigate is so high, any computational approach that reduces
the number of experiments that have to be conducted in the lab is of great practical advantage [68]. At
a fundamental chemical level, Al can help:

- Generate new molecular components for use in drug delivery;

- Identify new potential therapeutic targets;

- The computational prediction of binding conformations.

Speed is another critical factor: shorter discovery times mean reduced costs and faster times to market
for potential new drugs, enabling the development of highly safe, effective, and affordable drug
delivery systems. Al is helping researchers achieve that goal, providing a systematic strategy for

streamlining discovery and delivery.

The study of Samia Rebouh et al. focuses on the drug release behavior of cellulose derivative (CD)
matrices in tablet form using ibuprofen (IB) as the model drug. To optimize sustained drug delivery,
the researchers employed an Adaptive Neural-Fuzzy Inference System (ANFIS) to predict the best
formulation parameters. Various cellulose derivatives (CMC, HEC, HPC, HPMC, MC) were used,
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with the active ingredient ranging between 20-50%. The tablets were evaluated for their flow

properties, pharmacotechnical qualities, and drug release characteristics [69].

Results showed that the drug release rate increased with higher drug loads (Figure 1.8). The
Korsmeyer-Peppas equation revealed that multiple drug release mechanisms were involved,
influenced by the strength of the gel layer formed by CDs. HPMC had the highest mean dissolution
time (MDT), sustaining drug release for over 14 hours. The ANFIS model accurately predicted the
drug release behavior (with high R? and low error rates), demonstrating that this system can be an

effective tool for designing new dosage systems [69].
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Figure L.8. Effect of the formulation composition on the 10%, 50%, and 90% drug release [69].

1.4.3. Differeces between the AI models and traditional methods

Before the emergence of Al the modern data analysis community relied on traditional methods for the

purpose of problem-solving, planning, prediction, and other activities.

These traditional methods are recognized by both academicians and practitioners, and some of them
are used as a benchmark to compare the performance of modern Al systems. Although it is difficult to
make a clear definition of traditional methods, they are defined here as the methods developed before
the advent of Al as a subject. The major contribution of modern methods is that they have enhanced

the deficiencies of traditional methods [70].

Traditional methods are classified as rule-based systems and heuristics-based models. However, a
claim can be made that traditional methods were not data-driven; the performance of the earlier

methods was based on domain-specific rules and expert knowledge. The results were dependent on
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the set of rules, and the model gave different results if the rules were changed. Traditional methods
were static. Developing a new rule-based approach or training a new model from scratch for new data
points cannot be applied easily in traditional methods. If the domain knowledge grows or new facts
are discovered, a large chunk of the existing model might have to be changed; models based on

correlations or rules could fail when presented with new data points [71].

Al models are capable of managing and adapting to different types of datasets, unlike traditional
methods. Several types of Al already exist, such as weak Al, strong Al, supervised Al, unsupervised
Al, semi-supervised Al, and reinforcement Al. Furthermore, Al can be divided into three primary
categories: machine learning, neural networks, and deep learning; a mixture of the last two items is
also popularly referred to as deep learning. The main difference between these is in the first item’s
capacity: machine learning, in general, is the least flexible and least adaptive system, while deep

learning is the most adaptable [72]. A high-performing Al system's accuracies range from 90% to 99%.

The performance of a model in both advanced analytics and traditional methods relies on three criteria:
effectiveness, efficiency, and accuracy. These metrics are mainly used to compare models.
Effectiveness is the measurement of a method’s success in achieving its purpose. The success of a
classification model is assessed by measuring different performance measures such as accuracy, recall,
precision, ROC AUC, and F1 score [72]. Efficiency is the measurement of how effectively the method
achieves its purpose. Accuracy is the measurement of how close the estimated classification of class

probability is.

1.5. Conclusion

The versatility of hydrogels, stemming from their tunable properties and biocompatibility, has made
them importants in the field of drug delivery. Innovative strategies must be developed to improve drug
delivery. Hydrogels hold promise in this area because they can protect drugs from deactivation and
increase shelf life. They can provide a controlled and sustained release of drugs, protect sensitive
molecules from the environment, and be engineered to biodegrade and release their cargo over time,
increasing patient compliance [73]. Traditionally, several networks of hydrogels have been modeled
by a spring chain/rubber lattice model, freely jointed chain model, a model, and later by the other
general models that contain the anharmonic contributions of the bonds in the monomer unit. This is
due to a need to predict and control dynamic and complex behaviors of the polymeric materials
employed in different areas [35]. It is clear that we are now at a point where the existing computational

and mathematical delivery tools can be powered by big data and machine learning methods to uncover
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not only where and when the drug delivery occurs in the body, but more importantly, predict how these
processes happen at cellular and molecular activity, redesign these processes, and predict and even
stop diseases in advance of their occurrence [74]. To promote further development in this area,
integrating other disciplines such as material science, biomedical engineering, and pharmacology can
be important. Collaborative and interdisciplinary work can quickly advance the materials science and

development of hydrogels and their properties [75].

As the application of Al in drug delivery systems continues to evolve, it is essential to address the
challenges and embrace the opportunities that lie ahead. By fostering collaboration between Al experts,
pharmaceutical scientists, and healthcare professionals, we can harness the power of Al to develop
innovative, personalized, and effective drug delivery solutions. The future of drug delivery is bright,

and Al will undoubtedly play a pivotal role in shaping it.
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II.1. Introduction

This chapter is dedicated to the presentation of all materials and methods used in each experimental
step of this study. A detailed description is provided of the operating procedures applied for the
synthesis and characterization of hydrogels and drug loading, including various physico-chemical

methods such as FTIR, SEM and NMR analyses.

We explore the application of Neuro-Fuzzy Modeling to elucidate the intricate dynamics of drug
release kinetics, aiming to enhance our comprehension of the hydrogel's performance in drug delivery
applications. Furthermore, the hydrogel’s drug release kinetics are systematically investigated using
Korsmeyer-Peppas Kinetic Modeling, providing a fundamental understanding of the release
mechanism. The combined utilization of these methodologies ensures a thorough analysis of the

synthesized hydrogel’s structure, composition, and drug release behavior [1].

I1.2. Hydrogel Design and Synthesis
I1.2.1. Selection of materials
I1.2.1.1. Chemical reagents and Raw materials

a) Insulin glargine solution: Provided by Sanofi (Algeria), insulin glargine is a synthetic liquid
form of insulin designed to provide a slow, steady release to help control blood sugar levels
over an extended period. It is used in the management of type I and type II diabetes. Insulin
glargine is stable in the presence of an acidic pH, and it is liquid under these acidic conditions.
After injection, the acidity is rapidly neutralized in the hypodermis, and glargine then
precipitates, forming microcrystals [2]. This insulin causes the body tissues to absorb glucose
from the blood and decreases the production of glucose by the liver. Basal insulin requirements
in diabetes are met by insulin glargine due to its unique properties. It is insulin derivative due
to the addition of two arginine molecules to the amino acid asparagine of native human insulin
at position A21. The substitutions have been: Asn (A21) replaced by Gly and two arginine
molecules attached to Gly at the B-chain through a lysine spacer [3]. Insulin Glargine is derived
from human insulin. It has two polypeptide chains:

A-Chain (21 amino acids) modified A21 (Glycine) replaces native asparagine.

B-Chain (30 amino acids) extended with two arginine residues at the C-terminus (B31 and
B32). Insulin Glargine differs from native human insulin through two main changes. The first
one is the replacement at the C-terminus of the B-chain: Two arginine residues are added at

positions B31 and B32. The arginine residues shift the isoelectric point of insulin glargine,
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b)

d)

making it less soluble at neutral pH. The second one is the substitution in the A-chain at position
A21, asparagine is replaced with glycine. Insulin glargine precipitates in the tissue, allowing

slow, continuous release over time and providing a prolonged duration of action.

Insulin glargine is soluble in an acidic solution (pH 4). Upon injection into the neutral
subcutaneous tissue (pH ~7.4), it forms micro-precipitates which are slowly release small
amounts of insulin glargine, providing a basal level of insulin for up to 24 hours. This insulin's

molecular formula and Molecular Weight are C267H404N72078S6 and ~6063Da, respectively.

Carbomer 941: Provided by Orkila (Algeria), carbomers are synthetic high molecular weight
non-toxic polymers primarily derived from acrylic acid and cross-linking esters bonded with
divinyl glycol/allyl ethers of sucrose or pentaerythritol [4]. The chemical formula of carbomer
941 is C42HgoOs. The molecular weight of this type of carbomer is 713.1 g/mol. The pKa of
Carbomer 941 is 6.0 = 0.5, indicating that the carboxyl groups on the polymer are
predominantly ionized at pH values near this value. Carbomers are used to stabilize emulsions
and thicken with the appearance of an aqueous gel in the pharmaceutical or cosmetic industry.

Aminomethyl propanol allows them to be stabilized in the form of a gel.

Agarose: Supplied by Orkila (Algeria), agarose is a polysaccharide derived from agar, which
is a substance extracted from certain types of red algae, where the repeat unit consists of D-
galactose and 3,6-anhydro-L-galactose.. It is a yellowish-white, odorless solid powder, readily
soluble in hot water. Agarose has widespread usage in the biological industry, particularly in
the areas of separation of biological products, production of prescription drugs, and the
pharmacological industry. the typical molecular weight for agarose is approximately 630.5

g/mol, with a formula of C24H38010.

Glycerol: Provided by Sigma Aldrich (Germany), glycerol's international chemical name is
trihydroxypropane glycerol, 1,2,3-propanetriol. Glycerol is a simple polyol compound, a
colorless, odorless, viscous liquid that is sweet-tasting and non-toxic, containing three hydroxyl
groups, allowing the possibility of creating rigid polymeric networks after crosslinking
polycondensation reactions. It is miscible with water, alcohols, and glycols, with insolubility
in oils and hydrocarbons [5]. Glycerol is used as an emollient; antimicrobial conservator or

solvent in parenteral and non parenteral preparations.
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e) Propylene glycol: Also known as 1,2-propanediol, 1,2-dihydroxypropane, methyl glycol or
methyl ethylene glycol, propylene glycol is a colorless, clear and viscous liquid that is virtually
odorless with a mild and slightly bitter taste. It is a hygroscopic liquid that is soluble in water,
acetone, and chloroform. The versatility of propylene glycol in polymer chemistry, particularly
regarding its utilization as a crosslinking reagent, extends to numerous applications across
various industries [6]. It is used in pharmaceutical products, including intravenous, oral and
topical medications as conservator, solubilizer or extractant. Propylene glycol was donated by
Sigma Aldrich (Germany).

f) Reagents: The solvents and chemical reagents used in this study (Table II.1) are of analytical

grade and supplied by Sigma Aldrich (Germany).

Table I1.1. List of chemical reagents and solvents.

Reagents Chemical formulas
Sodium chloride NaCl

Sodium hydroxide NaOH
Disodium phosphate Na,HPO4
Potassium phosphate monobasic KH2POq4
Potassium chloride KCl
Triethylamine (TEA) N(CH2CH3)3
Deuterium oxide DO

Hydrogen peroxide H>0O»
Anhydrous sodium sulphate NazS04
Phosphoric acid H3POq4
Ethanolamine NH2CH,CHOH
Acetonitrile CH3;CN

31



Chapter II | Materials and methods

11.2.1.2. Equipment
All the equipment used in this present study is listed in Table II.2.

I1.2.2. Synthesis and characterization methods for hydrogels

11.2.2.1. Hydrogel synthesis and drug loading

Phosphate-buffered saline (PBS) is a buffer solution (pH ~ 7.4) prepared by mixing 8g of Sodium
chloride, 0.2g of Potassium chloride, 1.42g of disodium hydrogen phosphate and 0.24g of potassium
dihydrogen phosphate in 1 liter of distilled water.

The hydrogel was prepared through a microwave- assisted polycondensation reaction between two
polymers: carbomer (Ca) and agarose (Ag), along with cross-linking reagents — propylene glycol (PG)
and glycerol (Gly). This was carried out according to the method outlined by Santoro et al.[7], with
some minor modifications. To start, 1g of Ca was dissolved in 100ml of Phosphate-Buffered Saline
(PBS) solution (pH = 7.4), which is a solution commonly used in biological and chemical research to
maintain the pH of a solution and mimic the ion concentration of the human body. PBS solution
contained Gly and PG at a determined concentration. After that, Triethylamine (TEA), a commonly

used organic base in chemistry, was added gradually until the solution reached neutral pH.
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Table I1.2. Different equipment used.

Photo
Name |pH meter Vacuum oven HPLC
Brand |Metrohm - 827 ph lab (Switzerland) Thermo Scientific™ Vacutherm
Photo
Name |FTIR Spectroscopy Microwave Solo 23L Dissolutest
Brand |Bruker Tensor II (United States) Samsung (South Korea) Sotax At7 (United States)
== 7
i

§

Photo B
L ¥
Name |NMR Spectroscopy Scanning electron microscopy Analytical balance
Radwag AS 220.R2 PLUS
Brand |Bruker 400 MHz (United States) ESE.M_FEI QUANTA 250 (Poland)
(Switzerland)

Subsequently, 1gr of Ag was added to the above solution, which was kept at 80°C under magnetic

stirring, and the mixture was left to rest at room temperature. The mixture was then left to rest at room

temperature before undergoing a fixed microwave irradiation of 300W using a Samsung

MS23F301TAW SOLO microwave oven. The hydrogels were then formulated and left at room
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temperature for 24h. The hydrogel compositions of the formulations that were tested can be found in

Table I1.3.

The insulin glargine-based solution was then added to the polymeric system that had been prepared

earlier using a volumetric ratio of 50/50 v/v.

Table I1.3. Composition of insulin-loaded hydrogel formulations.

Hydrogel formulas [PG] (%) [Gly] (%) PT: Polycondensation time (s)
F1 1 0 0
F2 0 1 10
F3 0 1 30
F4 0 2 20
F5 30 0 10
F6 30 0 20
F7 30 0 30
F8 30 1 10
F9 30 1 20
F10 30 1 30
F11 30 2 10
F12 30 2 30
F13 60 0 20
F14 60 1 10
F15 60 1 30
F16 60 2 20

I1.2.3. Physico-chemical characterizations
The obtained hydrogels underwent a series of physico-chemical characterizations.
11.2.3.1. Fourier-transform infrared spectroscopy (FTIR)

Infrared spectrometers are universal tools for the characterization and identification of solid, liquid,
and gaseous substances. Of all infrared (IR) tools and techniques, the FT-IR is the most important one.
Its advantages include speed, low detection limit, sensitivity, and a broad range. One of the most
important parameters for FTIR spectrometers is spectral resolution [8]. FTIR is classified as a
computational technique for infrared spectroscopy. The principle is derived from the acquisition of
signals in the time domain, which can then be mathematically transformed into a frequency domain
spectrum. The FTIR analysis was performed on the polymers and hydrogels using an FTIR
spectrophotometer. Approximately 10 mg of each sample was placed on the diamond cell of the
spectrophotometer. The spectra were recorded over a range of wavenumbers between 4000 - 400 cm™

using the data processing software (OPUS 6.0).

34



Chapter II | Materials and methods

I1.2.3.2. Scanning Electron Microscopy (SEM)

The scanning electron microscope (SEM) is a type of electron microscope that produces images of a
sample by scanning its surface with a focused beam of electrons. The electrons interact with the atoms
of the sample, producing various signals that contain information about the surface topography and
composition of the sample. The beam position is combined with the intensity of the detected signal to

produce a three-dimensional image [9].

The morphological study of each hydrogel was conducted at 25 + 0.5 °C using the scanning electron
microscope with the environmental instrument (ESEM-FEI QUANTA 250) at CRAPC in Algeria.
After desiccation in a vacuum oven, the samples were assessed at a voltage of 10 kV and a
magnification of x3000 [1]. The micrographs were analyzed using the data processing software (xT

microscope control 1.0).

11.2.3.3. Proton nuclear magnetic resonance spectroscopy (NMR)

Proton nuclear magnetic resonance (NMR) spectroscopy is a powerful tool for studying the structure
of organic and bio-organic compounds. Proton NMR uses the magnetic properties of the nucleus of
the hydrogen (proton) atom to determine the physical and structural properties of chemicals [10].
Nuclear Magnetic Resonance (NMR) is based upon the interaction of monochromatic electromagnetic
radiation having a wavelength within the radiofrequency range with atomic nuclei, which behave like

spinning charges generating magnetic moments [11].

Polymers, Cross-linking system and hydrogels were analyzed by a Bruker Avance III HD spectrometer
operating at a proton frequency of 400 MHz, equipped with a 5 mm diameter liquid BBO probe, set
for the observation of nuclei between *!'P and '°N for the internal coil and the external coil is adjusted

to H' for decoupling and observation at the same time [1].

Before NMR analysis, chemical depolymerization is required using hydrogen peroxide in alkaline
solution to reduce the viscosity of aqueous solutions of the agar. 7.4 uL of NaOH (1 M) and 25 pL of
H>0, are added to 1.5 mL of a 6 g/L agar solution in D>O. The solution is heated to 80°C for 1 hour

with stirring then cooled in an ice bath for 30 minutes before drying.

The analyzed samples were prepared by dissolving an amount of 10 mg of each in a volume of 500 pl
of deuterated solvent D>O, and placing them in a 5 mm diameter borosilicate glass NMR tube. All 1H

spectra were acquired with the conditions: Pulse program zg 30°, TD:65536, Acquisition time: 4 sec,
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Rga:181, DE: 6 u sec, Spectral width: 20 ppm, Number of scans NS =128 scan, P1: 9 u sec and PLW1:
18.86 W.

I1.3. AI-Based Modeling Techniques
I1.3.1. Description of Al techniques used
I1.3.1.1. Neuro-fuzzy modeling for drug release Kinetics

This study proposes an Adaptive Neuro-Fuzzy Inference System (ANFIS) model to predict
pharmaceutical properties, renowned for effectively modeling complex data sets [12][13]. Fuzzy logic
assesses relationships between uncertain input variables x and output membership functions | ranging
from O to 1 [14]. Fuzzy “if-then” rules take the format “if x is A, then y is C” where A and C are
linguistic values defined by membership functions like triangular, trapezoidal, or Gaussian [14][15].
ANFIS combines the learning capabilities of neural networks with the interpretability of fuzzy logic
to model nonlinear pharmaceutical systems like hydrogels for optimized drug delivery, aiming to

overcome limitations in current treatment methods.

A= {x,u,(x)/x € X} (IL1)

The model elements of a fuzzy inference system are shown in Figure II.1.

F Knowledge base ﬂ
Input quzmcauon Defuzzrflcatlon Output
interface interface
Fuzz Fuzzy i ;

Decision making unit

Figure II.1. Fuzzy inference system.

The ANFIS model contains a knowledge base of if-then fuzzy rules defining membership functions
[16][17]. It fuzzifies crisp inputs into degrees of linguistic values, executes inference on rules, then
defuzzifies results into a crisp output. This study uses a first- order Takagi-Sugeno model, suitable for
adaptive modeling combined with neural networks to predict properties of complex systems. If x; is

A1 and x2 1s 4> and x3 is 43 then :
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y = f(x1, x3, x3) (I.2)

A1, A> and Az are fuzzy sets in the antecedent, y is a crisp function in the consequent. A fuzzy inference
known as first-order Sugeno fuzzy model occurs when f{x,y) is a first-order polynomial (Figure II.2).

Particularly, a zero-order Sugeno fuzzy model is obtained when f{x,y) is a constant.

pix) 4 Ay ply) By Minimum or Product
) — e —— — A——
Rule 1 Ue—p 21=pT+qy+n
Weighted _ w2 t+ Wz
2= ——e
Hi4 average N s
A B
Re2 | Wy—> =T+ QY+

Figure I1.2. First-order Sugeno model.

I1.3.1.2. ANFIS architecture
The architecture of ANFIS is illustrated in Figure I1.3. Circular nodes represent fixed operations, while
square nodes portray adaptive functions with learnable parameters. The ANFIS consists of five layers,

each performing specific functions [18].

f=wif stwafz

Figure I1.3. ANFIS architecture.

Layer I: The fuzzification process occurs in this layer where all the nodes are adaptive. The outputs
of this layer constitute the membership values of the assumption part. Each node’s output was given
by Equation (I1.3):

01,i(x) = pu,(x) For i=1,2

01,i(y) = pup,(y) For i=3,4 (IL.3)
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01(x) and O,;(y) are the membership functions for x and y, respectively.

The Gaussian membership function, given by Equation (I1.4), was used because it provides better

results according to Table I1.4.

-(x—c)?

pa(x) = e 22 (IL4)

Where o is the standard deviation and ¢ represents the mean.
Layer 2: In this layer, each node output represents the firing strength of a rule, and all nodes are fixed.

The t-norm operator is used to compute the AND operation of the membership grades, as given by

Equation (IL.5).

0,,;(x) = w; = py,(X)pp,(y) For i=1,2 (IL5)
Layer 3: In this layer the nodes are also fixed. The ratio between the firing weight of the /™ and the

sum of all rule weights is calculated for the corresponding node. It contains fixed nodes which compute

the ratio of the firing strengths of the rules according to Equation (IL.6).

O3, = W; = — (IL6)

w1+ wy

Layer 4: The nodes run as a function block in this layer, with its parameters being adaptive and
variables (input values). TSK (Takagi-Sugeno-Kang) outputs are formed from the output of this layer;

the nodes are adaptive and execute the consequences of the rules as represented by Equation (I1.7).
O4i = w; = w; (pix + qiy + 17) (IL7)

Pi, qi and r; are parameters to be learnt. These are the premise parameters. All this layer parameters (p;,
gi, ri) should be determined and are identified as the consequent parameters.

Layer 5: It sums all the input signals to generate the output. In this layer, there is only one node that
calculates the overall output, as given by Equation (II.8).

— Xiw;i fi
Os;= YW f; = —Z”i"wi (IL8)

The hybrid learning algorithm proposed by Jang et al. was used for ANFIS training in this work. This
algorithm combines the gradient descent backpropagation and least squares estimation (LSE) to

optimize the ANFIS parameters [19].
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Two sets of parameters are considered: premise parameters (S1) and consequent parameters (S2). S1
contains the parameters for all the selected input membership functions, while S2 contains the

parameters of the output membership function [18].

ANFIS employs two passes for the learning algorithm:
Forward pass: S1 is fixed and S2 is calculated using LSE.
Backward pass: S2 is fixed and S1 is calculated using backpropagation.

The validation of the trained ANFIS model is performed using the remaining data for testing. Root
mean square error (RMSE), from Equation (I1.9), is used to assess the model's predictive performance

[19].

RMSE = \/%Zéll(yi —9)? (IL9)

Where N is the count of the tested data, y; — §; is the difference between the i™ desired and predicted

outputs of the model, respectively.
11.3.2. Justification for the chosen techniques

The selection of ANFIS as the modeling technique for predicting insulin release from the hydrogel

formulations was based on several key factors:

1. ANFIS combines the benefits of fuzzy logic, which can handle uncertainty and imprecision in the
input parameters, with the learning capabilities of neural networks [12,13]. This allows it to model

the complex nonlinear relationships between the formulation parameters and insulin release rate.

2. ANFIS has demonstrated success in various pharmaceutical applications, such as modeling drug
release from sustained release tablets and predicting adsorption of drugs on modified excipients.

These previous studies support its suitability for our hydrogel drug release modeling task.

3. The interpretability of ANFIS models, owing to the fuzzy rules, provides insights into the impact
of each input parameter on the output [14,18]. This is valuable for understanding the underlying

mechanisms and optimizing the hydrogel formulations.

4. ANFIS is computationally efficient compared to other Al techniques like deep learning, requiring
fewer training samples and converging faster during training. This is advantageous given the

limited experimental data available in our study.
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Therefore, ANFIS was chosen as a powerful yet interpretable technique that aligns with the
characteristics of our modeling problem and dataset. Its ability to handle uncertainty, model nonlinear
relationships, and provide insights make it a suitable choice for predicting and optimizing insulin

release from the hydrogel formulations.

I1.3.3. ANFIS modeling setup

The ANFIS model, which played a crucial role in predicting the insulin release rate from hydrogel
formulations, was developed based on three crucial formulation parameters: glycerol (Gly)
concentration (%), propylene glycol (PG) concentration (%), and polycondensation time. These
parameters were selected due to their significant influence on the hydrogel's structural properties and
consequent drug release behaviour, as evidenced by previous studies [1][7]. The glycerol and
propylene glycol concentrations affect the crosslinking density and pore size of the hydrogel network,
which in turn impact the diffusion and release of insulin. The polycondensation time determines the
extent of the crosslinking reaction and the resulting mechanical strength of the hydrogel, also
influencing the drug release kinetics. Therefore, these three parameters collectively capture the key
factors governing insulin release from the Ag-Ca hydrogel system. The single output of the ANFIS
model was dedicated to predicting the corresponding insulin release rate, providing a valuable tool for
understanding the relationship between formulation parameters and drug release behaviour (Figure

11.4).

Membership
functions

Glycol
Concentration (%)

\ 4

2EE

Propylene Glycol
Concentration (%)

Drug

™ release rate

2 Sugeno Rules

Polycondensation
time (s)

\ 4

Figure I1.4. Studied ANFIS architecture.

Figure I1.4. Studied ANFIS architecture for predicting insulin release rate based on glycerol
concentration, propylene glycol concentration, and polycondensation time. In the creation of the
ANFIS models, a systematic approach was employed. We initiated the process by collecting a
comprehensive dataset encompassing the specified formulation parameters and their corresponding
insulin release rates. Following the acquisition of this dataset, thorough preprocessing was applied to
address missing data, outliers, and the normalization of input features. This preprocessing step is

crucial to ensure data quality and improve model performance. Missing data was handled using
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appropriate imputation methods, while outliers were identified and treated based on statistical
techniques. Feature normalization brings all inputs within a similar range, preventing any feature from
dominating the learning process due to scale differences. This meticulous approach ensures equal
contribution of all features to the learning process, preventing discrepancies in scales and fostering

faster convergence, ultimately leading to enhanced performance in machine learning models.

The selection of input features was a critical step, involving careful consideration and application of
feature selection techniques to enhance the models’ predictive performance. Feature selection helps in
identifying the most informative input variables, reducing model complexity and improving
generalization. In this study, the three chosen formulation parameters (Gly concentration, PG
concentration, polycondensation time) were confirmed to be the most relevant features based on
domain knowledge and their known impact on hydrogel properties and drug release [1][7]. The ANFIS
architecture was designed with a hybrid-learning algorithm that seamlessly integrates fuzzy logic and
neural networks. This architecture underwent iterative refinement, using Matlab 2018a Software, to
optimize its structure for accurate predictions identification [18]. The hybrid-learning algorithm
combines the least squares method and backpropagation to optimize the ANFIS parameters. It helps
in fine-tuning the membership functions and consequent parameters to minimize the prediction error.
Figure I1.5 depicts the evolution of training and checking errors using the RMSE formula defined in
Equation (I1.9). The training error steadily decreases over the epochs, indicating the model is learning
the patterns in the training data. The checking error initially decreases but then starts to increase after
a certain point, signifying potential overfitting. The optimal model is selected at the epoch with the
lowest checking error before it begins to rise. Figure I1.5. Evolution of training and checking errors
during the ANFIS learning phase, showing decreasing training error and identification of optimal

model at lowest checking error to avoid overfitting.

For model training and validation, the experimental dataset was strategically split, allocating 90% for
training the ANFIS models and reserving the remaining 10% for validation purposes. This split ratio
ensures sufficient data for model training while providing an unbiased evaluation of its predictive
performance on unseen data. The training set is used to learn the model parameters, while the validation
set helps in assessing the model's generalization ability and preventing overfitting. This approach
ensured that the synthesized model was effectively trained while also providing a robust evaluation of

their predictive capabilities.
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Figure IL.5. Evolution of training and check errors during the learning phase.

Performance evaluation metrics based on RMSE (Equation (I1.9)) was employed to assess the neuro-
fuzzy models’ accuracy. RMSE quantifies the average magnitude of prediction errors, providing a
measure of how close the predicted values are to the actual observations. A lower RMSE indicates
better model performance and accuracy. The correlation coefficient (R?) is also used later for the final
prediction test, to evaluate the model’s efficacy in capturing and explaining variance in the predicted
outcomes. R? represents the proportion of variance in the output variable that is predictable from the
input variables. An R? value closer to 1 suggests a strong predictive relationship between the inputs
and output, indicating the model's goodness of fit. This comprehensive evaluation strategy ensures a
thorough assessment of the model’s performance across various dimensions, contributing to the

robustness and validity of our findings.

I1.3.4. Optimizing parameters for ANFIS

The core parameters optimized in developing our ANFIS models include the number of membership
functions (MFs), MF type, epoch number, and the hybrid learning algorithm approach. Various
membership functions, such as trapezoidal, triangular, Gaussian, and Bell, are subjected to testing. The
choice of membership function influences the model's ability to capture the input-output relationships.
Gaussian and Bell MFs are commonly used due to their smoothness and differentiability, which
facilitate the learning process. To select the optimal number of MFs for each input, we tested from 2
to 10 MFs, evaluating the validation data fit after ANFIS training, a standard methodology as discussed

in reference [20]. Increasing the number of MFs enhances the model's flexibility to capture complex
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patterns but may lead to overfitting. The optimal number of MFs strikes a balance between model
complexity and generalization performance. We selected the Gaussian MF based on its common
effectiveness for prediction modeling [21]. The Gaussian MF is defined by two parameters: mean and
standard deviation. It provides a smooth and continuous representation of the input space, enabling the
model to learn intricate relationships.

The tuning of the number of epochs aimed to prevent overfitting to the training data, as highlighted in
reference [22]. An epoch represents a complete pass through the training dataset. Too many epochs
can cause the model to memorize noise in the training data, leading to poor generalization. The optimal
number of epochs is determined by monitoring the validation error and stopping the training when it
starts to increase, indicating overfitting. Additionally, the utilization of the hybrid learning algorithm
involved a combination of both backpropagation and least squares methods in an adaptive manner.
This approach has demonstrated enhanced model convergence compared to using either method alone,
as mentioned in reference [23]. The hybrid learning algorithm leverages the strengths of both
techniques - least squares for optimizing consequent parameters and backpropagation for tuning
premise parameters. This synergistic combination accelerates convergence and improves prediction

accuracy.

Through a process of iterative model training and parameter tuning, we identified that [3 3 4 4] is an
optimized combination of the number of membership functions for the ANFIS model. This
configuration, with 3 MFs for Gly concentration, 3 MFs for PG concentration, and 4 MFs each for
polycondensation time and insulin release rate, provided the best balance between model complexity
and predictive performance on the validation set. This configuration exhibited robust predictive
capabilities. Validation metrics substantiate its strong accuracy in predicting outcomes on previously
unseen test data. Based on the RMSE criteria presented in Table I1.4, the conclusive findings reveal
that the final variant demonstrates a significant performance superiority over the alternative

configurations.

Table 1.4 compares the RMSE values of different ANFIS configurations, highlighting the selected
optimal model with the lowest RMSE. This model, with the [3 3 4 4] MF configuration, Gaussian MF
type, and optimized epoch number, outperforms other variants, confirming its effectiveness in
predicting insulin release rates. Table I1.4. Optimal ANFIS performance achieved during the training
phase, comparing different model configurations based on RMSE. The selected model with the lowest

RMSE is highlighted in grey
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Table I1.4. Optimal ANFIS performance achieved during the training phase.

Number of
N° | Input MFs Output MF Iterations Membership | RMSE Train | RMSE_ Check

functions
1 | Tri Cst 31 3333 0.0432336 0.0672334
2 | Tri Lin 37 3333 0.0101527 0.3228540
3 | Tra Cst 225 3333 0.0438314 0.0663807
4 | Tra Lin 703 3333 0.0161192 0.0574563
5 | Bell Cst 878 3333 0.0146106 0.0250171
7 | Bell Lin 1579 3333 0.0051974 0.0741582
8 | Gauss Cst 612 3333 0.0318528 0.0563337
9 | Gauss Lin 378 3333 0.0135806 0.0469595
10 | Gauss2 Constant 1359 3333 0.0133545 0.0218342
11 | Gauss2 Lin 839 3333 0.0065507 0.0853260
12 | Gauss2 Constant 709 4334 0.0121275 0.0217536
13 | Gauss2 Constant 451 4444 0.0123172 0.0217685
14 | Gauss2 Constant 821 3443 0.0130822 0.0214744
15 | Gauss2 Constant 516 3344 0.0121218 0.0216965
16 | Gauss2 Constant 1500 4433 0.0132978 0.0215965

I1.4. Experimental Protocols

11.4.1. Experimental design for model validation

I1.4.1.1. Kinetic study

The kinetic experiment followed the procedure specified in the European Pharmacopoeia [1]. The
hydrogel samples containing the drug were loaded into a polypropylene bag and placed in the basket
of a Sotax AT7 dissolution tester. A dissolution medium of 900 ml, PBS 7.4 was added to the rotating
cylinder, and the system was maintained at 37°C with a rotation speed of 50 rpm. 5 mL samples were
regularly collected from the dissolution medium every hour for chromatographic analysis using the

Waters Alliance 2695 HPLC.

Mobile Phase A: 28.4 g of anhydrous sodium sulfate R in the water R for 1000 ml. Add 2.7 ml of
phosphoric acid and adjust it, if necessary, at pH 2.3 with the ethanolamine R. filter and degasify.
(European Pharmacopoeia, 2016)

Mobile Phase B: Mix 550 ml of the mobile phase A and 450 ml of acetonitrile R, heat the solution at
20°C or more, to avoid precipitation.

Proceed with the elution with a mixture of:

- 42 Volumes of mobile phase A
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- 58 Volumes of mobile phase B
At the Operating conditions :
- Wavelength : A =214 nm.
- Column Temperature : T =40°C.
- Injection volume : 20 pl.
- flow rate : Iml/min.
- A steel column (25cm, 4.6mm) filled with octadecylsilyl silica gel for R chromatography.

- An equal volume of fresh PBS 7.4 solution was added to maintain a constant volume.

The in vitro insulin release study from a hydrogel, conducted using a Sotax AT7 dissolution tester and
analyzed through HPLC, involves a controlled laboratory experiment to mimic and measure the release
of insulin from the hydrogel under specified conditions. Consequently, an ANFIS model is used in
order to predict and optimize the insulin release based on the experimental data obtained from these in
vitro studies. The ANFIS model is trained with diverse experimental data encompassing various
formulation parameters and their corresponding insulin release profiles. This allows the model to learn
the complex relationships between the input variables and the drug release behavior, enabling it to
make accurate predictions for new formulations [12,13]. Figure I1.6 depicts the in vitro insulin release

study conducted using a hydrogel [1].

Insulin hydrogel

Dissolution
tester

—»

Laboratory
balance

Dissolution HPLC Drug release Al

Weighing testing analyzing quantifying modeling

Figure I1.6. In vitro study illustration.

45



Chapter II | Materials and methods

11.4.1.2. Microbiological quality control

The manufacture of sterile or non-sterile medicinal products imposes specific requirements in order to
reduce the risks of microbial and particulate contamination. The microbiological quality of medicinal
products is one of the major concerns during formulation, in order to ensure the proper conservation
and stability of the prepared pharmaceutical form. To this end, microbiological controls must ensure
good hygienic and marketable quality of the manufactured product, and check for possible
contamination that may be due to poor manufacturing conditions. The enumeration of bacteria, moulds
and yeasts capable of growing aerobically makes it possible to verify the microbiological quality of

the products [9].

At the level of the finished product, the pharmacopoeia [24] sets contamination limits based on the
pharmaceutical form of the medication to ensure maximum safety. The pharmaceutical form is related
to the stability of the active ingredient and the route of administration of the product. These two
parameters explain why the acceptance criteria for microbiological quality differ depending on the
pharmaceutical form. Microbiological quality focuses on the enumeration of total viable aerobic
microorganisms (bacteria, yeasts, and molds) and the detection of specific microorganisms:
Escherichia coli, Pseudomonas aeruginosa, Staphylococcus aureus, Candida albicans, Salmonella, and
enterobacteria. The acceptance criteria applicable to pharmaceutical forms administered via the nasal
mucosa, based on the total aerobic microorganisms count (TAMC), the total mould and yeast count
(TYMC), as well as the detection of certain specified microorganisms, are provided in Table I1.5. [24].
The microbiological quality of the F10 hydrogel containing insulin was evaluated according to the
standards of the European Pharmacopoeia [24], by counting the total viable aerobic microorganisms,
moulds and yeasts, Staphylococcus aureus, and Pseudomonas aeruginosa. This assessment ensures that
the developed hydrogel formulation meets the required microbiological safety criteria for

pharmaceutical products.

Table I1.5. Acceptance criteria for the microbiological quality of pharmaceutical forms.

Microbiological control Acceptance criteria
TAMC (UFC.g"! or ml") 10?
TYMC (UFC.g"! or ml) 10!
Specified microorganisms Absence of Staphylococcus aureus
(1 g or 1 ml of sample) Absence of Pseudomonas aeruginosa
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11.4.2. Data Analysis and Korsmeyer-Peppas kinetic Modeling

The Korsmeyer-Peppas model equation is often used to describe drug release kinetics from
pharmaceutical dosage forms. The equation is commonly cited in the context of drug delivery and
release studies. One of the key references for the Korsmeyer-Peppas model is the original paper by

Korsmeyer, Gurny, Peppas. It is given by Equation (I1.10) [25]:

M — fgm (IL.10)
Moo

M,/M,, being the released drug rate, & is the kinetic constant, z is an exponent indicating the release
mechanism. When n = 0.43, Fickian controlled release happens, when 0.43< n <0.85, anomalous
transport that refers to cases where the drug release behavior cannot be accurately described using
traditional models of diffusion, such as Fick’s law, and when n = 0.85, this indicates transport
relaxation/erosion during drug release, which is the process of drug release caused by the deformation
and relaxation of the polymeric network, and can ultimately result in a time-dependent release profile.
The Korsmeyer-Peppas model was applied to the experimental drug release data obtained from the in
vitro studies to elucidate the underlying release mechanisms of insulin from the Ag-Ca hydrogel
system. The model parameters, k and n, were determined by fitting the equation to the release profiles
using non-linear regression analysis. The value of the release exponent, n, provides insights into the
dominant release mechanism. Fickian diffusion (n=0.43) suggests that the drug release is primarily
governed by the concentration gradient, while anomalous transport (0.43<n<0.85) indicates a
combination of diffusion and polymer relaxation. Case II transport (n=0.85) implies that the drug
release is controlled by polymer relaxation and erosion. By analyzing the release kinetics using the
Korsmeyer-Peppas model, we can gain a deeper understanding of the factors influencing insulin
release from the hydrogel and optimize the formulation accordingly. This information is valuable for

designing controlled release systems that meet the desired therapeutic requirements.
I1.5. Conclusion

Hydrogels containing insulin were synthesized and subjected to in vitro drug release testing using
HPLC. To validate the success of the polycondensation reaction, we employed FTIR spectroscopy,
and our study delved into the impact of various polycondensation techniques on hydrogel
microstructure through comprehensive SEM and NMR analysis. Our research involved the
development of an ANFIS model specifically designed to predict insulin release from Ag-Ca based
hydrogels. This model takes into account crucial factors such as cross-linking reagent concentration

and polycondensation time, ensuring a high level of accuracy in its predictions. By leveraging the
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power of neuro-fuzzy modeling, we can optimize the hydrogel formulation to achieve the desired drug
release profile, ultimately improving the efficacy of insulin delivery [12][13]. Furthermore, the
microbiological quality of the optimized hydrogel formulation was assessed according to the European
Pharmacopoeia standards, confirming its suitability for pharmaceutical applications. The Korsmeyer-
Peppas kinetic modeling provided valuable insights into the release mechanisms of insulin from the
hydrogel, aiding in the rational design of controlled release systems. In conclusion, this study
demonstrates the successful synthesis and characterization of insulin-loaded Ag-Ca hydrogels, along
with the development of an ANFIS model for predicting and optimizing drug release. The combination
of experimental techniques and computational modeling approaches enables the creation of advanced

drug delivery systems with enhanced performance and safety [1].
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II1.1. Introduction

In this section a comprehensive analysis of the obtained, experimental data including FTIR, SEM, and
NMR, as well as mathematical modeling using Korsmeyer-Peppas and ANFIS approaches. This
section critically examines the influence of key formulation parameters — namely, glycerol and
propylene glycol concentrations, PG/Gly ratio, and polycondensation reaction time — on the release
kinetics of insulin from the developed matrix. Detailed interpretation of the results is provided to
elucidate the underlying mechanisms involved in insulin release and optimize formulations to achieve
a better release profile. The insights from this section advance our fundamental understanding of drug
release from these matrix systems and provide key knowledge to further the development of optimized

formulations for controlled insulin delivery [76].

I11.2. Hydrogel Network Design
II1.2.1. Key design parameters

Key design parameters include material and process factors that influence hydrogel synthesis, as well

as those that affect insulin release kinetics [76].
Crosslinkers Concentrations (inputs)

The concentrations of crosslinkers (propylene glycol and glycerol) used in the polycondensation
process are crucial to influence the degree of crosslinking, which affects the swelling behavior,

stability, and insulin release rate of the hydrogel.
Polycondensation Time (input)

It is the duration of the chemical reaction that creates crosslinks between the agar and carbomer
molecules. The polycondensation time influences the density and mechanical strength of the hydrogel

network, which affects how quickly insulin can be released over time.
Release time (output)

The release time is the period during which the release of insulin from the hydrogel is monitored and
controlled. It allows understanding the sustained release behavior of the hydrogel. Longer or shorter

release times have an impact on the therapeutic profile of the inhaled insulin.
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I11.2.2. Influence of different parameters on hydrogel properties
I11.2.2.1. Effect of the propylene glycol concentration

In this part of study, the polycondensation time and the Gly concentration were kept constant while
the PG concentration was varied and the release results are shown in Figure III.1. The hydrogel
formulation (F8), comprising 30% PG, exhibited a longer release of insulin over a period of 9.5h
compared to the hydrogel with no PG added (F2), which took 8.5h to release insulin. However, the
hydrogel formula with an excessive amount of PG (F14) exhibited similar behavior to the hydrogel
formula without PG (F2). This suggests that an excess of PG may have an adverse effect on the release

properties of Agar-Carbomer-based hydrogels [76].

These findings highlight the importance of optimizing the PG concentration to achieve the desired

sustained release profile.
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Figure III.1. Effect of the propylene glycol concentration on the insulin release kinetic (experimental and predicted
results) [76].

I11.2.2.2. Effect of the glycerol concentration on the insulin release kinetic
Figure II1.2 demonstrates that, with a consistent polycondensation time and PG concentration, F5

without Gly exhibited the fastest release of insulin (7.5 h), accompanied by a burst release effect within
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the first hour. Nevertheless, the hydrogels F8 (1%) and F11 (2%) showed prolonged release by the

gradual addition of Gly, with release periods of 9.5 and 11h, respectively [76].
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Figure II1.2. Effect of the glycerol concentration on the insulin release kinetic (experimental and predicted results).

This indicates that the presence of glycerol plays a crucial role in modulating the release kinetics and

mitigating the initial burst release of insulin.

I11.2.2.3. Effect of the PG/Gly ratio

The PG/Gly ratio represents the concentration variation of both PG and Gly. By fixing the

polycondensation time, we can analyze the impact of different PG/Gly ratios on insulin release. Figure

I11.3 presents the results obtained. It has been demonstrated that F4, which doesn’t contain PG but only

Gly (2%), gave the fastest release of insulin in 6.5h. It seems that formulation 15, which had no PG

and only 2% Gly, gave the fastest release of insulin, while formulations 13 (with 60% PG and no Gly)

and 16 (with the maximum levels of both PG and Gly) showed similar release profiles but reached the

total amount of drug released in 8h, which cannot be considered as sustained release [76].
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Figure II1.3. Effect of the proportion of cross-linking agents on the insulin release kinetic (experimental and predicted

results).

These results suggest that an optimal balance between PG and Gly concentrations is necessary to
achieve the desired sustained release profile. Excessive amounts of either component can lead to

suboptimal release characteristics.

111.2.2.4. Effect of the polycondensation time

The polycondensation time was varied while keeping the concentrations of PG and Gly fixed, and the
increased release of insulin was observed. Figure I11.4 demonstrates that the polycondensation time
greatly affects the release profile. Specifically, F10 (crosslinked with 30% PG, 1% Gly, and subjected
to 30s of microwaves irradiation) released insulin over a longer period compared to F8 and F9, which
were crosslinked for 10 and 20s, respectively, and had identical crosslinking agent proportions. The
insulin release time increased with increasing polycondensation time, with F8, F9 and F10 providing

release times of 9.5, 11 and 13h respectively [76].
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Figure III1.4. Effect of the polycondensation time on the insulin release kinetic (experimental and predicted results).

This highlights the significance of the polycondensation time in controlling the crosslinking density
and, consequently, the drug release kinetics. Longer polycondensation times lead to more extensive
crosslinking, resulting in prolonged release profiles. The findings suggest that formulations with
insufficient PG/Gly crosslinkers exhibited burst release and weak hydrogel formation. Gly alone
facilitated higher rates of drug release during the burst effect, owing to its inherent ability to allow
prompt drug release [99]. Moreover, a brief polycondensation reaction time thwarted the formation of
hydrogen bonds with Ca.

An enhancement in drug release profiles was noted by increasing PG and Gly concentrations
simultaneously up to 30 and 1%, respectively, showing sustained release over time. Formula F10,
which comprised moderate amounts of PG and Gly and was allowed a maximum polycondensation
time of 30s, displayed the longest release time of 13h. The strong crosslinking characteristics of the
hydrogel allowed for a more pronounced controlled release of insulin from F8. This was facilitated by
sufficient condensation time, which provided high irradiation energy and facilitated efficient
crosslinking without adding additional Gly and PG [100].

These results emphasize the importance of optimizing the concentrations of crosslinking agents and
the polycondensation time to achieve the desired sustained release profile.

When surplus amounts of PG and Gly were integrated into hydrogel formulation (F16), they exhibited

similar behavior to those with insufficient amounts of cross-linking agents. This is probably due to the
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fact that an excess of cross-linking agents can lead to the formation of denser network structures, which
can result in unstable gels [101][102]. This underscores the need to carefully balance the concentrations

of crosslinking agents to avoid adverse effects on hydrogel stability and release properties.

I11.3. Hydrogel characterizations technics

II1.3.1. FTIR hydrogel characterization

FTIR analysis confirmed the cross-linking reaction of the Agar-Carbomer-based hydrogel, with
individual species and their cross-linked mixture spectra depicted in Figure III.5. The Ag spectrum
displayed characteristic peaks related to -C-O- bending and 3, 6-anhydrogalactose at 1039, 929, and

889cm ™!, respectively, consistent with previous research [103].
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Figure IILS. FTIR spectra of Agar (Ag), Carbomer (Ca) and the Ag-Ca-based hydrogel (Hg).
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The Ca spectrum exhibited a prominent peak at 1699cm ™!, attributed to C=0 stretching of carboxylic
groups [104]. In the synthesized hydrogel spectrum, new peaks emerged, including a broad absorption
band at 3280cm ™! corresponding to -OH bonds and peaks at 2978cm ! linked to C-H methyl groups of
PG and Gly molecules. The peak at 1699cm ' was diminished and replaced by a peak at 1642cm ™!,
indicating the formation of an ester function (-CO-OR) between Ag-Ca. Additionally, an elongation
of the peak at 1039cm ™! indicated the formation of a -C-O- bond linking PG-Ca [82]. These results
provide strong evidence for the successful chemical crosslinking of the Ag-Ca hydrogel in the presence

of PG and Gly, confirming the formation of the desired hydrogel network structure.

I11.3.2. SEM analysis

The choice of crosslinking method, particularly microwave-assisted polycondensation, has a
significant impact on hydrogel morphology and crosslinking stability. These findings are highly
relevant and provide valuable insights for optimizing hydrogel synthesis in the pharmaceutical
industry, enabling the development of hydrogels with well-controlled microstructures and enhanced

stability.

55



¥
(a) (b) -
o,
= : e ® ‘
X 3
\) )
-
y
A
\ 4
- A 3} )
} 3 .
+ &
? y
9/21/2023 HY det mag O| HFW WD |spot 30 pm 912002023 HV det |{mag O| HFW WD |spot 30 um
1:37:38 PM 10.00 KV|LFD | 3000 % 199.5ym| 8.1 mm | 3.5 CRAPC 12:14:48 PM |10.00 kY| LFD | 3 000 x [98.5 ym| 8.5 mm | 3.5 CRAPC
" 7Y
C ] [ ¥ ¥ d
) #13 3 | (@
AT My ‘
3 .
»
# -~ =
war T R
; >
e L
A
; & 4
- | g #e 3
o e R Y g
i’} & o | e Sy
- A o .
"8 )
® \ ‘ e
5 e Y "
4 g
# i3
& Y il B 3 . » ™
9 z"’? G L
9/21/2023 HY det ‘'mag O HFW WD |spot 30 ym 9/20/2023 HV det [mag O| HFW WD |spot —20 pm ——
1:29:58 PM |10.00 kV|LFD | 3 000 x 198.5 ym| 8.6 mm | 3.5 CRAPC 12:23:25 PM [10.00 kV LFD | 3 000 x [99.5 ym 10.0 mm| 3.5 CRAPC
e 7 (f)
F
- | g
5 ¢ ,.
# >
7 ; 3
\ { el o
! ' / 4 %
- } s
f
\/ } J
| ‘ 5 _/ e
< , /4
V. ’
i
2
»
7, i :
- b il 7 @
ﬂ o
o e P b
’ i T
) - r o, A
| Wil !
9/20/2023 | HV | det [mag O] HFW | WD |spot| ——20pum—— 9/21/2023 | HV | det [mag O] HFW | WD |spot 30 um
11:38:27 AM [ 10.00 kV|LFD |3 000 x 199.5 ym 10.0 mm| 3.5 CRAPC 1:48:53 PM [12.50 kV LFD | 3 000 % |99.5 um|{8.7 mm| 3.5 CRAPC
g C \ C % aroome drogel exposed to po ondensation a €ap owave
ed Aga aroome droge O owave eXpo € Aroge a gic O g age
droge O O g age €) Aga aroome




Chapter III | Results and Discussion

Microstructural properties of hydrogels were analyzed using scanning electron microscopy (SEM). In
Figure II1.6(a,b), two hydrogels with the same polymer and crosslinking agent amounts were
compared. The first (in Figure II1.6(a), was produced with microwave-assisted polycondensation,
while the second (in Figure II1.6(b) followed conventional methods without microwave exposure.
Significant differences in microstructure were observed. Figure I11.6(a) displayed a compact, tightly
linked network, indicating a uniform and interconnected structure. In contrast, Figure I11.6(b) revealed
a porous network with voids, suggesting a less extensively linked structure. When a single crosslinking
agent was used (Figure II1.6(c)), an open, porous network was evident, implying a less densely
interwoven structure [76]. Furthermore, Figure I11.6(d) displayed SEM images of a hydrogel prepared
without crosslinking agents, showing dispersed polymers in a fused state without forming a cohesive
network [105]. These SEM results provide visual evidence of the impact of crosslinking agents and
polycondensation methods on the microstructure of the hydrogels. The use of microwave-assisted
polycondensation and the incorporation of both PG and Gly as crosslinking agents result in a more
compact and interconnected network structure, which is crucial for achieving the desired drug release

properties.

II1.3.3. NMR analysis

The H1-NMR analysis was carried out to prove that the hydrogel was successfully crosslinked. The
results of the H1 NMR analysis are illustrated by the spectra of Figure II1.7.

The spectra in Figure I11.7(a,b) represent two polymers, Carbomer and Agarose, respectively. Figure
II1.7(b,c) display the spectra of the crosslinking system with Propylene glycol and Glycerol, separately.
Both spectra show a peak around 4.7 ppm, corresponding to the anomeric proton of deuterium oxide

(D:20) [106].

The H'NMR spectrum of the hydrogels formed by combining Agarose and Carbomer is characterized
by wide signals due to dipole-dipole coupling. The spectrum of the cross-linked hydrogel F10 (Figure
II1.7(e)) shows characteristic peaks: Peaks at 1,126 and 1,577 ppm correspond to aliphatic protons and
methyl protons (CH2), respectively. The chemical shift of the proton related to the acetyl group (R-
C=0) is observed at 2,216 ppm. Peaks at 3.425 and 3.507 ppm are typical for protons near

electronegative atoms such as oxygen, related to protons in multiple hydroxyl groups (HO-) [76].

New peaks around 3,760 ppm and 4,106 ppm in the spectrum are associated with the ester function (-
(C=0)-0O-). The appearance of peaks in the 3,760 ppm and 4,106 ppm region indicates the formation
of an ester function (-(C=0)-0O-). This suggests that the carboxyl group (—~C(O)OH) of Carbomer has
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been connected with the Hydroxyl group (HO-) of Agarose, forming the ester function. This is shown
in Figure 7. The successful formation of the ester function provides strong evidence for the crosslinking
of the hydrogel. Comparing with Previous Research, the results align with findings from Santoro et al
[82], indicating the consistency of the observed peaks. These NMR results are consistent with the FTIR

findings and further confirm the successful development of the crosslinked hydrogel network.
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Figure II1.7. NMR spectra: (a) Carbomer; (b) Agar; (c) propylen glycol; (d) glycerol; (e) hydrogel F10.

By combining this information, the chemical structure of the elaborated cross-linked hydrogel

macromolecule can be provided in Figure III.8. This proposed structure illustrates the key functional
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groups and crosslinking bonds formed during the hydrogel synthesis, providing a clear understanding

of the molecular architecture of the developed system.
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Figure II1.8. Chemical structures pattern of the crosslinking reaction.

I11.3.4. Microbiological quality of hydrogel

This study allowed to carry out the total aerobic microorganisms count (TAMC), the total mould and
yeast count (TYMC), the search for Staphylococcus Aureus and Pseudomonas Aeruginosa in the F10

hydrogel containing insulin. The results are grouped in Table III.1.
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Table III.1. Acceptable Limit of total aerobic microorganisms count (TAMC), the total mould and yeast count (TYMC),
Staphylococcus Aureus and Pseudomonas Aeruginosa.

Presence of microorganisms (CFU.g-1) Acceptable Quality Limit F10 Hydrogel

TAMC <100 00
TYMC <10 00
Staphylococcus Aureus Absence Absence
Pseudomonas Aeruginosa Absence Absence

Aerobic germs are all microorganisms capable of multiplying in air. This group includes pathogenic
microorganisms and spoilage microorganisms [107]. The results of the total aerobic germ count
(TAMC) in the hydrogel F10 show that the microbiological load of the sample is 00 CFU.g’!
respectively (Figure II1.9). These values are lower than the maximum limit of the standard which is

100 CFU.g"! [97].

Figure II1.9. Total aecrobic germ count (TAMC) in the hydrogel H10 on TSA medium.

Molds are aerobic and filamentous microorganisms, oxidative and fermentative, while yeasts are
microorganisms that have an exclusively oxidative metabolism [84]. The results of the enumeration of
these microorganisms (TYMC) indicate that the hydrogel F10 have loads of 00 CFU.g™! (Figure 111.10).
These results are acceptable and in accordance with the standards of the European Pharmacopoeia

[97], the maximum authorized of which is 10 CFU.g™! [97].
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Figure I11.10. The enumeration of these microorganisms (TYMC) in the hydrogel H10 on SAB medium.

Figure I11.11 shows the results of subculturing on a mannitol-salt medium (CHAP), incubated at 30 —
35 °C for 72 hours for the hydrogel F10. Staphylococcus aureus are Gram-positive, facultative aerobic-
anaerobic cocci that tend to group together in clusters. It is the most pathogenic species of the genus
Staphylococcus [108]. The results obtained show the absence of Staphylococcus aureus in Hydrogel

F10, which complies with the European Pharmacopoeia [97].

Figure I11.11. Macroscopic appearance of the absence of Staphylococcus Aureus colonies on mannitol-salt medium
(CHAP).

Regarding Pseudomonas aeruginosa, these are Gram-negative bacteria of the Pseudomonas genus

[109]. Figure III.12 shows the results of subculturing on a cetrimide agar base (CAB) medium

61



Chapter III | Results and Discussion

incubated at 30-35 °C for 72 hours for Hydroger F10. The results obtained show the absence of

Pseudomonas Aeruginosa in Hydroger F10, which is in accordance with the European Pharmacopoeia

[97].

Figure I11.12. Macroscopic appearance of the absence of Pseudomonas Aeruginosa colonies on cetrimide agar base

(CAB) medium.

According to the results of the microbiological analyses conducted, the F10 hydrogel containing
insulin has satisfactory microbiological quality, meeting the standards set by the European
Pharmacopoeia [97]. This is a crucial aspect in the development of pharmaceutical formulations, as it

ensures the safety and suitability of the hydrogel for potential clinical applications.

I11.4. Development and Validation of AI Models

I11.4.1. ANFIS prediction of the formulation parameters effect

The ANFIS model, as demonstrated in Figures 14, is capable of predicting the impact of formulation
parameters on insulin release kinetics. This model allows for the consideration of various factors

influencing insulin release, including the composition of the drug delivery system [76].

Researchers can leverage the ANFIS model to simulate different scenarios and forecast the effects of
adjusting formulation parameters on insulin release. This is particularly valuable in developing drug
delivery systems to identify optimal formulations for controlled and sustained insulin delivery. A high-

performing hydrogel derived from the Fuzzy Takagi-Sugeno model is suitable for inhalation delivery.
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The reliability of the ANFIS model depends on the quality and quantity of the training data, so selecting
high-quality data and appropriate features is crucial to ensure accurate predictions. Future studies
should focus on expanding the dataset and incorporating additional relevant parameters to further

enhance the predictive capabilities of the ANFIS model.

I11.4.2. Kinetic release profile and modeling

An in vitro study was conducted to analyze the drug release of insulin-loaded Ag/Ca-based hydrogels
prepared by polycondensation in PBS at 37°C. The impact of PG and Gly concentrations, along with
the polycondensation time was also investigated. The experimental results presented in Figure 111.13

clearly show that the fastest release was observed in hydrogel F1 [76].

In fact, this formulation did not contain Gly and was not subjected to microwave irradiation, and
consequently there was no polycondensation reaction (no hydrogen bonding with Ca). Hydrogels
created without any added PG — F2 to F4 — displayed comparable trends to F1, with a release time
between 6.5 and 7.5 h, depending on the concentration of Gly and the polycondensation time. In
contrast, hydrogels F5-F7 that do not contain Gly, but contain 30% PG, have shown extended-release
profiles of over 7.5-8.5 h, which increase with increasing polycondensation time, indicating the
formation of ester bonds. In addition, it should be noted that all of the above formulations showed a
burst release in the first 30 min, which may be due to the insufficient amount of PG/Gly cross-linking
agents to form strong hydrogels capable of retaining drugs through their cross-linked networks [99].
Furthermore, a higher rate of drug release was observed in formulations containing only Gly, as its

characteristics enable a rapid release of drugs [99].

I11.4.3. ANFIS modeling results

Concerning the ANFIS modelling performance, it appears that the ANFIS model adeptly predicted the
insulin release rate, as demonstrated by the substantial concordance between the experimental and

predicted values depicted in Figure II1.13.
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Figure I11.13. Insulin release kinetics profiles from the different hydrogel formulas (experimental and predicted results)
in PBS 7.4 at 37°C.

I11.4.4. ANFIS predicted insulin release amount as a function of the experimental data

Figure III.14 shows the correlation plot of the predicted release rate against the experimental release
rate. It is evident that the data points cloud is very close to the first bisector, which indicates the
reliability and excellent performance of the ANFIS model, as shown by the narrow gap between the
experimental and predicted values. To comprehensively assess the accuracy and reliability of the
ANFIS model, a correlation coefficient and root mean squared error were calculated. The achieved
results indicate that the model performed very well with a high correlation coefficient close to unity
(R?=0.9999) and an RMSE of 2.159 x 1072, This signifies the successful development of a high-quality
ANFIS model [76].
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Figure I11.14. Points cloud representing the ANFIS predicted release amount as a function of the experimental data.

The neuro-fuzzy model was established based on the parameters used in this particular study.
However, other relevant factors, such as insulin concentration, are not taken into account. On the other
hand, the model relies on three input characteristics: crosslinking agent’s concentrations,
polycondensation time, and release. If these characteristics are not measured accurately, the model
predictions may be limited or inaccurate. The properties of hydrogels can change over time due to
various environmental factors. The model may not account for these dynamic changes, leading to
discrepancies between predicted and actual insulin release kinetics in real-world scenarios. The study
mentions an excellent correlation with experimental data, but experimental conditions may exhibit
inherent variability. In the future, the study needs to address the long-term stability of hydrogel
formulations and their impact on insulin release. This is particularly important for extended drug

delivery applications [76].

I11.4.5. Korsmeyer-Peppas modeling results

The release kinetics of all formulations adhere to the Korsmeyer-Peppas model with a correlation
coefficient between 0.95 and 0.99, as stated in Table III.2. This indicates that the primary release
mechanism is controlled by diffusion and relaxation.

Previous studies have demonstrated that drug release is controlled by diffusion when the value of n

equals 0.43, while a value of 0.85 indicates control by swelling [101]. In this study, as long as the

65



Chapter III | Results and Discussion

values of n for the formulated hydrogels range between 0.43 and 0.85, drug release is conducted by

the concurrent phenomena of diffusion and relaxation (anomalous transport).

Table I11.2. Korsmeyer-Peppas modeling results.

Korsmeyer Peppas kinetic model

Formula Number Insuline release mechanism

k n R?
FO1 33.97 0.49 0.97 Anomalous transport
F02 30.61 0.49 0.97 Anomalous transport
F03 28.85 0.44 0.95 Anomalous transport
F04 39.96 0.43 0.97 Anomalous transport
FO05 35.20 0.46 0.98 Anomalous transport
F06 37.99 0.49 0.99 Anomalous transport
F07 30.46 0.51 0.98 Anomalous transport
FO8 2741 0.53 0.98 Anomalous transport
F09 22.21 0.60 0.99 Anomalous transport
F10 17.16 0.62 0.98 Anomalous transport
F11 27.41 0.47 0.97 Anomalous transport
F12 29.68 0.49 0.99 Anomalous transport
F13 34.50 0.46 0.98 Anomalous transport
F14 29.18 0.57 0.98 Anomalous transport
F15 19.74 0.64 0.97 Anomalous transport
F16 32.12 0.52 0.99 Anomalous transport

ITL.5. Comparative Analysis

In this section, we present some studies to show the practicality of the Al models and the traditional
methods in the real world. The Al models and traditional methods are thoroughly discussed and

analyzed.

IIL.5.1. Performance evaluation of the models in another application

The previous chapter book of H. Goudjil et al. [110] describes the application of an Adaptive Neuro-
Fuzzy Inference System (ANFIS) to predict the behavior of microcapsules containing Bacillus subtilis

SL-13 (BaciSub SL-13) bacteria. ANFIS model was used to predict three key outcomes:

=  Microcapsule biodegradation (Figure III1.15) (i.e., the rate at which the microcapsules degrade
and release the bacteria)

= Viability of the bacteria after being released (i.e., the number of live bacteria)

= Release kinetics profile of the bacteria (i.e., how the bacteria are released from the

microcapsules over time)
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Figure II1.15. Experimental and predicted microcrocapsules biodegradation rate contaning a various concentrations of

Gelatin (GE).

Time (duration of the experiment), and Gelatin concentration (different levels of gelatin used in the

formulation) are the two inputs used for the ANFIS model.
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The ability of ANFIS to handle complex, nonlinear relationships makes it particularly well-suited for

this type of prediction task.
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Figure III.17. Experimental and predicted BaciSub SL-13 cells release from microcapsules containing various

concentrations of Gelatin (GE).

The root means square error (RMSE), which measures the difference between predicted and actual
values, was also very low (3.26 x 10 < RMSE < 1.79 x 107*). A lower RMSE value indicates higher

prediction accuracy, and in this case, the error was minimal.

The correlation coefficient (R?), which measures how close the predicted values are to the experimental
values, was extremely high (R? = 0.9999), indicating an almost perfect agreement between predicted

and actual results.

These findings highlight the power of Al models like ANFIS for accurately predicting complex
biological processes, such as microcapsule behavior and bacterial release kinetics, based on limited

experimental inputs.

I11.5.2. Comparison with traditional methods

The Design of Experiments (DOE) is a systematic approach to understanding the relationship between
factors affecting a process and the output of that process. It is a structured, organized method for
determining the relationship between factors affecting a process and the output of that process. DOE
aims to optimize processes, improve product quality, and reduce development time and costs. The

main objective of one of our previous studies is to optimize and evaluate the properties of cross-linked
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hydrogels, focusing specifically on viscosity, through a systematic approach known as Design of
Experiments (DOE). In this case, the Box-Behnken design (BBD) was chosen, which is commonly
used to study the effects of three or more independent factors and how they interact to influence the
outcome, or response (the hydrogel viscosity in this study). The Box-Behnken design (BBD) is a type
of response surface methodology (RSM) that allows efficient estimation of first- and second-order
coefficients. It's an alternative to central composite designs and is particularly useful when the number

of factors is three or more. The BBD has several advantages:
1. Itrequires fewer experimental runs than a full factorial design
2. It avoids extreme conditions (all factors at their highest or lowest levels simultaneously)

3. It ensures that all factors are not set at their extreme values at the same time

Table I11.3. Experimental matrix of Box-Behnken design and response

Factors Réponses

Experiments | Propylene glycol (%) Glycerol (%) polycondensation time (s) Viscosity (Pa.s)
1 -1 -1 0 0.616
2 -1 0 -1 0.687
3 -1 0 +1 0.694
4 -1 +1 0 0.609
5 0 -1 -1 1.039
6 0 -1 +1 1.103
7 0 0 0 1.452
8 0 0 0 1.436
9 0 0 0 1.42
10 0 0 0 1.45
11 0 +1 -1 1.224
12 0 +1 +1 1.263
13 +1 -1 0 1.148
14 +1 0 -1 1.048
15 +1 0 +1 1.098
16 +1 +1 0 1.097

Sixteen experiments were conducted (Table II1.3), and the results were used to create a statistically
significant second-order polynomial model (p=0.0003) that describes the viscosity as a function of

these factors.

The experimental model uses three independent factors (denoted by Xi, X», and X3), which represent
the concentrations of crosslinking agents: propylene glycol and glycerol, and the polycondensation

time, respectively. The general form of the second-order polynomial equation in the BBD is:
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Y = Bo + ZPixi + ZPiixi® + ZEPiXix; + € (IIL.1)

Where Y is the predicted response, Po is the model constant, B; is the linear coefficient, Bii is the

quadratic coefficient, B;j is the interaction coefficient, and ¢ is the error term.

The Box-Behnken model was used to create response surfaces and optimize processes with fewer
experimental runs compared to a full factorial model. This efficiency is particularly valuable in

situations where experiments are time-consuming or expensive.

The development of a statistically significant second-order polynomial model (p = 0.0003) indicates
that the relationship between the factors and the hydrogel’s viscosity is well-represented (Figure
III.18). This demonstrates that the chosen factors are indeed critical in determining the rheological
properties of the hydrogel. At specific concentrations of crosslinking agents, the hydrogels showed
high viscosity at low shear rates and a more pronounced pseudoplastic behavior, meaning viscosity

decreases as shear increases.
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Figure III.18. Actual by predicted plot of viscosity.

The optimal formula was proposed based on the desired responses, and the accuracy of the model was
confirmed through analysis of variance (ANOVA). The model demonstrated a correlation coefficient
(R?=0.98) and a normalized root mean square error (NRMSE) close to zero (Figure 18). These values
suggest that the model should predict viscosity with more high precision and minimal error. It's
important to note that while a high R? value is generally desirable, it should be interpreted cautiously.
An R? 0f 0.98 indicates that 98% of the variability in the response variable (viscosity) can be explained
by the model. However, this high value could potentially indicate a risk of overfitting, where the model
fits the experimental data too closely but may not generalize well to other, untested conditions. This
risk could be mitigated by conducting additional validation experiments or by incorporating more data

points to test the model’s robustness across a broader range of factor values.
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Another approach could be to use cross-validation techniques, which involve partitioning the data into
subsets, performing the analysis on one subset (the training set), and validating the analysis on the

other subset (the testing set).
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Figure III.19. Flow curves of the optimal hydrogel.

Three validation points of the optimal formula proposed by the design were carried out (Figure I11.19).
Where the error is in the acceptance limit (< 0.05). A high viscosity value at low shear speeds are

recorded and the pseudoplastic character of the hydrogel is more pronounced.

In Conclusion, while the Box-Behnken design was effective in predicting optimal hydrogel viscosity
and providing valuable formulation insights, further work is needed to validate the model under a wider
range of conditions. This could involve testing the model's predictions under different environmental
conditions or with slightly different formulations to ensure its robustness. The choice between DOE
and Al for optimizing hydrogels or similar systems depends on the system's complexity, data
availability, and the need for interpretability. For relatively simple systems with limited factors, BBD
is highly effective. It provides a clear understanding of how each factor affects the response, which

can be crucial for process optimization and quality control.

However, in more complex, multi-variable environments, Al-based optimization can unlock deeper
insights and provide more robust solutions with highest accuracy. AI models can handle non-linear
relationships and interactions that might be difficult to capture with traditional DOE approaches. Al
models like ANFIS have demonstrated remarkable performance in predicting complex biological
processes, making them a promising tool for optimizing and understanding intricate systems in the real
world. However, it's worth noting that AI models often require larger datasets for training compared

to DOE approaches, and their "black box" nature can make it challenging to understand the underlying
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mechanisms driving the predictions. In future studies, a hybrid approach combining DOE for initial
experimentation and Al for fine-tuning and prediction could potentially leverage the strengths of both

methodologies, leading to more robust and accurate models for complex systems like hydrogels.

II1.6. Case Studies on Hydrogel Applications in Insulin Delivery

Real-world applications using hydrogel-based systems to deliver insulin to diabetes patients are an
effective way to demonstrate their benefits. The utilization of hydrogels in these case studies resulted

in better insulin release profiles when compared to insulin alone.

Within the following case studies, we will explore the use of hydrogel systems to significantly improve
insulin release profiles, resulting in long-term normoglycemic control, often without hypoglycemia.
This section is dedicated to findings across a variety of hydrogel systems designed to deliver insulin.
The section will ascertain what mechanisms have contributed to improvements, providing insight and

a basis for a fundamental understanding.

I11.6.1. Case 1 : Nanoparticles as an Insulin Delivery System

Nanoparticles have emerged as a promising approach for insulin delivery, offering improved
bioavailability, targeted delivery, and protection from degradation. Three key studies highlight the
potential of this approach [111] :

1. Polyelectrolyte Complex Nanoparticles:

Al-Kurdi et al. developed nanoparticles using a polyelectrolyte complex of insulin and low molecular

weight chitosan [112]. The study found that:

= Lower molecular weight chitosan (13 kDa) enhanced insulin stability in a tris-buffer at pH 6.5.

= This counterintuitive finding suggests that lower molecular weight chitosan provides a more
flexible and adaptable matrix for insulin encapsulation.

= The optimal molecular weight likely strikes a balance between sufficient electrostatic
interactions for complex formation and maintaining a flexible structure that effectively protects

insulin molecules.
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2. Carboxymethyl-Cyclodextrin and Chitosan Nanoparticles:

Krauland et al. created nanoparticles from chitosan and carboxymethyl-f-cyclodextrin [113]. Key

findings include:

* The nanoparticles demonstrated remarkable stability for at least 4 hours in simulated intestinal
fluid (pH 6.8, 37°C).

= (Cyclodextrins' unique structure, featuring a hydrophobic interior cavity and hydrophilic exterior,
allows them to form inclusion complexes with drug molecules, enhancing stability and solubility.

* The carboxymethyl modification increases cyclodextrins' water solubility, making them more
suitable for nanoparticle formation.

= The ionotropic gelation process used for fabrication is particularly advantageous for insulin

delivery as it avoids harsh conditions that could potentially denature the protein.

3. Chitosan and Arabic Gum Nanoparticles:

Avadi et al. developed a nanoparticulate system using chitosan and Arabic gum [114]. Their research

revealed:

= The ionic gelation technique was employed to combine the mucoadhesive and permeation-
enhancing properties of chitosan with the protective and stabilizing effects of Arabic gum.

= Arabic gum serves as a protective coating for insulin against the harsh gastric environment and
intestinal enzymes.

= A 23 factorial design was used to systematically test different combinations of chitosan, Arabic
gum, and insulin concentrations.

= Increasing the concentration of Arabic gum improved the association efficiency, suggesting its

crucial role in stabilizing the nanoparticle structure and enhancing insulin encapsulation.

I11.6.2. Case 2: Microparticles (Microspheres and Beads)

Microparticles were developed to achieve sustained insulin release, protect against degradation, and

provide controlled release kinetics. Three approaches demonstrated promising results:

1. Chitosan Microspheres with Glutaraldehyde Cross-Linking:

Jose et al. produced microspheres using the emulsion cross-linking method [115]. Their findings

include:
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Glutaraldehyde acted as a cross-linker, strengthening the microspheres by chemically bonding
the chitosan polymer chains.

The microspheres exhibited swelling ratios between 1.30 and 2.30, indicating their ability to
expand in aqueous environments.

The insulin release profile showed a burst release during the first 3 hours, followed by
controlled release for the next 5—6 hours.

The release data fit well with the Higuchi model (R? = 0.98), suggesting a primarily diffusion-

controlled drug release mechanism.

2. Water-Soluble Chitosan/Insulin/Tripolyphosphate Microparticles:

Wu et al. prepared microparticles using polyelectrolyte complexation [116]. Key observations

include:

At pH 4.0, these microparticles achieved a high association efficiency of 48.28 + 0.90%.

The insulin release profile showed three distinct phases: 50% release within the first 2 hours, a
significant slowdown for the next 12 hours, and then a gradual, controlled release of the
remaining insulin.

The rapid initial release can be attributed to loosely bound insulin molecules on the surface of
the microparticles.

The subsequent plateau phase suggests a potential barrier to insulin release, possibly due to the

formation of a dense polymer layer or depletion of surface-bound insulin.

3. Insulin-Loaded Alginate/Chitosan Blend Gel Beads:

Tahtat et al. prepared gel beads from a blend of alginate and chitosan [117]. Their research showed:

Dual crosslinking with CaCl. and glutaraldehyde enhanced the mechanical properties of the
beads, making them more resistant to degradation in harsh environments.

The beads released 90.5% of the insulin within 6 hours, indicating a rapid release profile
suitable for intestinal absorption after withstanding gastric conditions.

In gastric media, the presence of chitosan reduced the cumulative insulin release, likely due to
its stability in acidic conditions and its ability to protect insulin from degradation.

In the intestinal medium, the blend beads demonstrated improved insulin release, attributed to

the crosslinking process.
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I11.6.3. Case 3: Hydrogel and Microgel

Two innovative approaches demonstrated the potential of hydrogel and microgel systems for insulin

delivery:

1. Chitosan/Polyvinyl Alcohol Hydrogel for Nasal Insulin Delivery:

Agrawal et al. developed a hydrogel system for nasal insulin delivery [118]. Their findings include:

* The hydrogel was made by mixing chitosan and PVA in different proportions, with pH adjusted
to near neutral using sodium bicarbonate.

= Insulin was added at a concentration of 1 IU per 200 pL of solution.

* The hydrogel remains liquid at room temperature but undergoes gelation at 37°C within 12
minutes.

= In vitro tests showed glucose level maintenance for 6 hours.

= Animal testing revealed maximum glucose reduction 4 hours after nasal administration,

indicating a slow-release profile.

2. Microgels with Enzyme Nanocapsules and Recombinant Human Insulin:

Gu et al. created a glucose-responsive insulin delivery system using microgels [119]. Key features

include:

= Monodisperse microgels were created using a chitosan matrix incorporating enzyme
nanocapsules and recombinant human insulin.

* Glucose-specific enzymes were covalently encapsulated into nanocapsules to protect them
from denaturation and immunogenicity.

= The system releases more insulin in response to higher glucose concentrations, mimicking the
natural response of the pancreas.

= Enzymes convert glucose into gluconic acid, causing a local pH reduction within the microgel,

triggering swelling and insulin release.
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II1.6.4. Case 4: Mucoadhesive Films

Two types of mucoadhesive films showed promise for insulin delivery:

1. PEG-b-PLA/Insulin Nanoparticles in Chitosan Films:

Giovano et al. developed mucoadhesive films loaded with PEG-b-PLA/insulin nanoparticles [120].

Their research revealed:

Free insulin dispersed in chitosan films was almost completely released within 6 hours (98 +
14%).

Nanoparticle-encapsulated insulin showed a more prolonged and controlled release:

51 £ 14% released in the first 72 hours

70% released after 15 days

This sustained release is critical for long-term management of blood glucose levels.

2. Bilaminated Hydrogel Films for Buccal Insulin Delivery:

Cui et al. developed a two-layered film for buccal insulin delivery [121]. Key findings include:

The mucoadhesive layer was made from chitosan-EDTA hydrogel film containing insulin.

An impermeable protective layer of ethylcellulose prevented insulin leakage.

The mucoadhesive layer demonstrated a strong adhesion force of over 17,000 N/m?, stable for 4
hours in vitro.

In healthy rats, buccal administration resulted in 17% pharmacological availability compared to

subcutaneous injections.

I11.6.5. Our Case: Agar-Carbomer Hydrogels

The thesis presented a novel insulin delivery system using agar-carbomer hydrogels:

Synthesis: Microwave-assisted polycondensation with glycerol and propylene glycol as
crosslinking agents.

Structure: SEM analysis revealed a compact, tightly linked network structure.

Chemical Confirmation: FTIR and NMR analyses confirmed successful crosslinking with ester
bond formation between agar and carbomer.

Release Profile: Sustained insulin release lasting 6.5 to 13 hours.

76



Chapter III | Results and Discussion

= Key Factors: Glycerol and propylene glycol concentrations, and polycondensation time
significantly influenced release kinetics.
» Optimization: Precise formulation control is crucial, as both insufficient and excessive

crosslinking led to suboptimal release profiles.

Table I11.4 provides a concise comparison of the different hydrogel-based insulin delivery systems,

highlighting their main components, release durations, key features, delivery routes, and unique

advantages.
Table II1.4. Comparison of the different hydrogel-based insulin delivery systems
Aspect Case 1: Case 2: Case 3: Case 4: gu;r?cazslf‘:bomer
P Nanoparticles Microparticles Hydrogel/Microgel Mucoadhesive Films s
Hydrogels

Main ilrl;tboiscan, cyclodextrins, Chitosan, Chitosan, PVA, Chitosan, PEG-b- gl%ire,rzzlirbomer,
Components oum[112][113][114] alginate[115][116][117] enzymes[118][119] PLA[120][121] propylene glycol
giﬁfgn 4+ hours[113] 6-14 hours[115][116][117] 6+ hours[118] Up to 15 days[120] | 6.5-13 hours

Sustained release, protection Prolonged release, Microwave-

Key Features

Improved bioavailability,

from degradation[115][116]

Glucose-responsive, nasal

mucoadhesion[120]

assisted synthesis,

targeted delivery[111] [117] delivery[118][119] [121] controlled relcase
Delivery Nasal, .
Route Oral, nasal[113] Oral[115][116][117] subcutaneous[118][119] Buccal[120][121] Not specified
Unique Enhanced stability in GI | Controlled release Self-regulated insulin rsrflrl(():gi dhesion[120] corztsl:lll;zlfi for
Advantage tract[112][113][114] kinetics[115][116][117] release[119] s

[121] sustained release

I11.7. Conclusion

In this chapter, we thoroughly analyzed the experimental data concerning the release kinetics of insulin
from various hydrogel formulations, emphasizing the significant influence of key formulation
parameters such as glycerol and propylene glycol concentrations, their ratio, and the polycondensation
reaction time. The results highlighted that optimal concentrations of PG and Gly are crucial for
achieving a sustained release profile, with specific formulations demonstrating extended-release
periods. For example, formula F10, which contained moderate amounts of PG (30%) and Gly (1%)
and was subjected to the maximum polycondensation time of 30s, exhibited the longest insulin release
time of 13 hours. This prolonged release is attributed to the strong crosslinking characteristics of the
hydrogel, facilitated by sufficient condensation time and optimal concentrations of crosslinking agents.
Our study provided an in-depth analysis of the hydrogel's physicochemical and microbiological
characterization using FTIR, NMR, SEM, and microbiological testing. The results from each technique
validate the successful development of a stable and efficient insulin-containing hydrogel. FTIR

analysis confirmed the chemical crosslinking of the Ag-Ca hydrogel in the presence of PG and Gly,
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while NMR spectroscopy revealed the formation of ester bonds between the carboxyl group of
Carbomer and the hydroxyl group of Agarose. SEM imaging demonstrated the impact of microwave-
assisted polycondensation on the hydrogel's morphology, resulting in a compact and tightly linked
network compared to conventional methods. Microbiological testing confirmed the satisfactory
microbiological quality of the F10 hydrogel containing insulin, meeting the acceptable limits set by
the European Pharmacopoeia. This chapter presents the development and validation of two predictive
models—ANFIS and Korsmeyer-Peppas—used to model the release kinetics of insulin from
hydrogels. Both models demonstrated high predictive performance and provided valuable insights into
the mechanisms influencing insulin release. The ANFIS model accurately predicted the insulin release
rate, as evidenced by the substantial concordance between experimental and predicted values (R? =
0.9999, RMSE = 2.159 x 107?). The Korsmeyer-Peppas model revealed that the primary release
mechanism is controlled by diffusion and relaxation (anomalous transport), with release exponent
values (n) ranging between 0.43 and 0.85. Despite the promising results, further research is needed to
optimize this system for clinical use, particularly in terms of long-term stability and efficiency
compared to traditional insulin delivery methods.

In conclusion, this study demonstrates the successful development of an insulin-loaded Ag-Ca
hydrogel system with tunable release kinetics, influenced by key formulation parameters. The
comprehensive characterization and predictive modeling approaches employed provide a solid
foundation for further optimization and translation of this promising drug delivery system. With
continued research and development, these hydrogel-based systems have the potential to revolutionize
insulin delivery, improving the quality of life for millions of individuals living with diabetes
worldwide.

Traditional methods such as Design of Experiments (DoE) are powerful and well-established statistical
tools for optimization in experimental design, particularly when dealing with a limited number of
factors and relatively small datasets. They generate clear and interpretable models while being
computationally efficient, making them a sound choice for simple experiments where robustness and
simplicity are key. However, these methods show limitations when faced with complex, high-
dimensional systems, or when relationships between variables are non-linear or difficult to model
using classical approaches. This is where artificial intelligence (Al) models truly shine. AI models
offer superior flexibility and are especially well-suited for handling complex problems, often

characterized by large datasets, non-linear interactions, and interdependent factors.
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Unlike traditional approaches, Al models, such as neural networks or machine learning algorithms, do
not require strict assumptions about the form of relationships between variables. This allows for a more
dynamic modeling process, capable of capturing subtle interactions and processing much larger data
volumes. However, Al models demand significantly higher computational power and can sometimes
be more difficult to interpret. Thus, while Al provides undeniable advantages in solving complex
problems, it does not fully replace traditional methods but rather complements them depending on the
specific requirements of the experiment or study at hand.

The choice between these two approaches depends on the experimental context. For simpler studies,
Design of Experiments remains the optimal choice, while for more complex problems, Al becomes an

indispensable alternative.
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General Conclusion

This thesis has explored the development and characterization of a novel insulin delivery system based
on agar-carbomer hydrogels, with a focus on optimizing formulation parameters and leveraging
artificial intelligence for predictive modeling.

We successfully synthesized agar-carbomer hydrogels using microwave-assisted polycondensation,
incorporating glycerol and propylene glycol as crosslinking agents. The use of microwave irradiation
proved crucial in forming a compact, tightly linked network structure, as evidenced by SEM analysis.
This microwave-assisted technique represents a significant advancement over conventional methods,
potentially offering more efficient and controlled hydrogel synthesis for pharmaceutical applications.
FTIR and NMR analyses confirmed the successful crosslinking of the hydrogel components, with the
formation of ester bonds between agar and carbomer. These findings not only validate our synthesis
approach but also provide valuable insights into the molecular structure of the hydrogel, which is
essential for understanding and predicting its drug release behavior.

In vitro release studies revealed that the hydrogel formulations exhibited sustained insulin release
profiles, with durations ranging from 6.5 to 13 hours. The ability to achieve such prolonged release
times is a significant improvement over many existing insulin delivery systems, potentially offering
better glycemic control and reduced dosing frequency for diabetes patients.

We identified that the concentrations of glycerol and propylene glycol, as well as the polycondensation
time, were critical factors influencing insulin release kinetics. Notably, we found that an optimal
balance of these parameters is crucial, as both insufficient and excessive crosslinking led to suboptimal
release profiles. This highlights the importance of precise formulation control in developing effective
hydrogel-based drug delivery systems.

The development and application of an Adaptive Neuro-Fuzzy Inference System (ANFIS) model for
predicting insulin release kinetics represents a significant advancement in the field. The high accuracy
of the ANFIS model (R?=0.9999, RMSE = 2.159x107?) demonstrates its potential as a powerful tool
for optimizing hydrogel formulations, potentially reducing the need for extensive experimental work
and accelerating the development of new drug delivery systems.

Korsmeyer-Peppas modeling revealed that insulin release from the hydrogels follows an anomalous
transport mechanism, involving both diffusion and polymer relaxation. This understanding of the
release mechanism provides valuable guidance for future formulation strategies, allowing for more

targeted approaches to controlling drug release.
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The optimized hydrogel formulation (F10) met the microbiological quality standards set by the
European Pharmacopoeia, indicating its suitability for pharmaceutical use. This finding is crucial for
the potential clinical application of the developed hydrogel system, as it ensures the safety and stability
of the formulation.
While this research has made significant strides in developing an advanced insulin delivery system,
several areas warrant further investigation:
» Long-term stability studies to assess the shelf-life and storage conditions of the hydrogel
formulations.
= Invivo studies to evaluate the bioavailability and pharmacokinetics of insulin delivered via this
hydrogel system.
= Exploration of alternative administration routes, such as transdermal or oral delivery, to further
improve patient compliance.
= Integration of glucose-responsive elements into the hydrogel matrix to develop a smart insulin
delivery system capable of responding to blood glucose levels.
= Expansion of the AI model to incorporate additional parameters and predict long-term
performance, enhancing its utility in formulation development.
In conclusion, this research has successfully developed and characterized a promising agar-carbomer
hydrogel system for sustained insulin delivery. The combination of advanced synthesis techniques,
comprehensive physicochemical characterization, and innovative Al-based modeling represents a
significant contribution to the field of controlled drug delivery. These findings not only offer potential
improvements in diabetes management but also provide a framework for developing similar systems
for other therapeutic proteins. As we move forward, the integration of smart materials and Al-driven
design approaches is likely to revolutionize the landscape of drug delivery, offering more personalized
and effective treatment options for patients.
Unlike traditional approaches, Al models, such as neural networks or machine learning algorithms,
do not require strict assumptions about the form of relationships between variables. This allows for a
more dynamic modeling process, capable of capturing subtle interactions and processing much larger
data volumes. However, Al models demand significantly higher computational power and can
sometimes be more difficult to interpret. Thus, while Al provides undeniable advantages in solving
complex problems, it does not fully replace traditional methods but rather complements them

depending on the specific requirements of the experiment or study at hand.
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The choice between these two approaches depends on the experimental context. For simpler studies,
Design of Experiments remains the optimal choice, while for more complex problems, Al becomes

an indispensable alternative.
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