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ÖZET 

Yüksek Lisans Tezi 
 

Moleküler Modelleme Yöntemleriyle Meme Kanseri Tedavisinde HER2 
Proteinini Baskılayıcı Etkiye Sahip Yeni İlaç İçeriklerinin Keşfi 

 
Merve Yağmur UZAM 

 
Manisa Celal Bayar Üniversitesi  

Lisansüstü Eğitim Enstitüsü 
Biyomühendislik Anabilim Dalı 

 
Danışman: Dr. Öğretim Üyesi Deniz KARATAŞ 

 
 

Moleküler modelleme, biyolojik sistemlerdeki moleküler etkileşimlerin 

bilgisayar destekli yöntemlerle incelenmesini sağlayan bir yaklaşımdır. Bu kapsamda 

moleküler docking, bir ligandın hedef moleküle bağlanma şeklini ve afinitesini 

öngörürken; moleküler dinamik simülasyonlar, bu etkileşimin zamana bağlı 

davranışını analiz eder. Her iki yöntem birlikte kullanıldığında, ilaç tasarımı ve 

biyomoleküler mekanizmaların anlaşılmasına yönelik güçlü ve bütüncül bir 

değerlendirme sunar. Bu çalışmada, meme kanserinde prognostik ve terapötik önemi 

bulunan HER2 (erbB‑2) gen ekspresyonunun modülasyonu açısından, krill yağı 

kaynaklı omega‑3 yağ asitleri EPA ve DHA ligandlarının potansiyel inhibitör etkileri 

araştırılmıştır. Çalışmanın sonuçları, krill yağı kaynaklı omega‑3 yağ asitlerinin, 

HER2 aracılı proliferatif sinyalleşmeyi baskılayarak potansiyel hedef‑ödaklı 

antineoplastik etkiler gösterebileceğini öne sürmektedir. Bu bulgular, moleküler 

docking ve dinamik simülasyon sonuçlarıyla desteklenerek, yeni HER2 

inhibitörlerinin tasarımında DHA ve EPA türevlerinin alternatif ligand adayları 

olabileceğini ortaya koymaktadır. 

 

Anahtar Kelimeler: moleküler docking, moleküler simülasyon, Autodock, gromacs, 

breast cancer, krill yağı 

2025, 144 sayfa 
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ABSTRACT 
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Molecular modeling is a computer-aided approach to study molecular 

interactions in biological systems. In this context, molecular docking predicts the 

binding pattern and affinity of a ligand to a target molecule, while molecular dynamics 

simulations analyze the time-dependent behavior of this interaction. When used 

together, both methods provide a powerful and holistic assessment for drug design and 

understanding biomolecular mechanisms. This study investigated the potential 

inhibitory effects of krill oil-derived omega-3 fatty acid ligands EPA and DHA in 

modulating HER2 (erbB-2) gene expression, which has prognostic and therapeutic 

importance in breast cancer. The results of the study suggest that krill oil-derived 

omega-3 fatty acids may exert potential target-oriented antineoplastic effects by 

suppressing HER2-mediated proliferative signaling. These findings, supported by 

molecular docking and dynamics simulation results, suggest that DHA and EPA 

derivatives may be alternative ligand candidates for the design of novel HER2 

inhibitors. 

 

Keywords: molecular docking, molecular simulations, Autodock, gromacs, breast 

cancer, krill oil  
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1. INTRODUCTION 

 

           Cancer refers to a group of disorders marked by the abnormal and uncontrolled 

growth of cells, resulting from genetic and epigenetic modifications.This disease can 

originate in any part of the body and has the capacity to invade surrounding tissues 

and metastasize to distant sites. The hallmark of cancer is the deviation of cells from 

their normal growth and programmed cell death cycles, leading to limitless replication. 

This process is facilitated by changes in genetic material as well as the influence of 

environmental factors (Brown et al., 2023).  

 

           Cancer is one of the oldest diseases known to humanity. One of the earliest 

written records, the Edwin Smith Papyrus dating back to around 1600 BCE, includes 

a description of breast cancer, which was considered incurable at the time. In the 5th 

century BCE, Hippocrates referred to tumors as "karkinos" and associated the disease 

with an excess of black bile. This humoral theory was later adopted by physicians such 

as Galen and remained the dominant explanation throughout the Middle Ages (Hajdu, 

2011). With the advent of the Renaissance, advances in the study of human anatomy 

contributed to a better understanding of cancer. In the 18th century, Percivall Pott was 

the first to scientifically demonstrate the role of environmental factors in cancer 

development by linking scrotal cancer observed in chimney sweeps to exposure to soot 

(Hajdu, 2011). In the 19th century, the widespread use of the microscope facilitated 

the investigation of the cellular origins of cancer. Johannes Müller and Rudolf 

Virchow demonstrated that tumors arise from normal cells. Additionally, Virchow 

proposed that chronic inflammation could be a contributing factor in cancer 

development (Hanahan & Weinberg, 2000). In the 20th century, the genetic 

foundations of cancer began to be elucidated, with Theodor Boveri proposing that 

chromosomal abnormalities play a key role in cancer development. During this period, 

the association between tobacco use and lung cancer was statistically confirmed, 

highlighting the significance of environmental and lifestyle factors in cancer etiology 

(Sanchez-Cespedes et al., 2001). In the 1940s, chemotherapy was developed, with 

Sidney Farber successfully applying drug treatment to childhood leukemia. In 1971, 

U.S. President Richard Nixon launched the "War on Cancer" initiative, which 

significantly increased funding for scientific research in the field (DeVita & Chu, 

2008). In the 2000s, research on the molecular biology of cancer was systematized 
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through the landmark article "The Hallmarks of Cancer." During this period, advances 

such as genetic profiling, targeted therapies (e.g., imatinib), and immunotherapies 

(including PD-1/PD-L1 inhibitors and CAR-T cell therapy) were developed. These 

innovations contributed to the emergence of personalized medicine as a central 

approach in cancer treatment (Hansford & Huntsman, 2014). 

 

 

CHAPTER I. ORGANIZATION OF THESIS 

 

1.1. Therapeutic and Biomedical Utilization of Marine Organisms in 

Health Sciences 

            Marine organisms have played a significant role in the treatment of various 

diseases throughout history, both in traditional and modern medicine. Written records 

from the Ancient Greek and Byzantine periods indicate that approximately 38 different 

marine invertebrate species were used in the treatment of digestive, dermatological, 

and urogenital disorders (Senthilkumar & Kim, 2013). Similarly, in regions such as 

West Africa, South America, and Southeast Asia, marine-derived products like sea 

turtle, dolphin oil, and sea snail have long been utilized in folk medicine as antipyretic 

agents, wound healers, or immune system enhancers. Since the 20th century, the 

therapeutic use of naturally derived agents from marine organisms has expanded 

considerably in modern pharmaceuticals. For instance, ω-conotoxin, isolated from the 

marine snail Conus magus, has been developed into a drug for chronic pain 

management (Molinski et al., 2009). Likewise, ecteinascidin 743 (trabectedin), 

derived from the marine tunicate Ecteinascidia turbinata, has been approved as an 

anticancer agent for the treatment of certain soft tissue sarcomas (Tremont et al., 1993). 

Modern studies on the sea cucumber (Holothuria spp.), which has been a long-standing 

component of traditional medicine in East Asia, have revealed its anti-inflammatory, 

immunomodulatory, and wound healing properties (Khotimchenko, 2018). These 

effects are primarily attributed to triterpene glycosides, which enhance immune 

responses by stimulating macrophage activity (Pislyagin et al., 2014). Additionally, 

sulfated polysaccharides such as fucoidan, extracted from marine algae, have attracted 

substantial interest in pharmaceutical research due to their antiviral, anticoagulant, and 

antitumor activities (Fitton, 2011). These examples, spanning from historical usage to 
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contemporary applications, highlight the growing importance of marine organisms not 

only in traditional knowledge systems but also as integral components of modern 

medical science. 

 

1.1.1 Krill Oil: Structure and Health Applications 

            Krill oil is a valuable marine-derived lipid, primarily extracted from small 

crustaceans such as Antarctic krill (Euphausia superba). Its chemical composition is 

notably rich in omega-3 fatty acids, particularly eicosapentaenoic acid (EPA) and 

docosahexaenoic acid (DHA). A distinguishing characteristic of krill oil is that these 

omega-3 fatty acids are predominantly present in phospholipid form. This 

phospholipid structure is significant as it enhances bioavailability and facilitates more 

effective integration into cellular membranes when compared to the triglyceride form 

found in other marine oils (Sarıyer et al., 2025). Moreover, krill oil naturally contains 

the antioxidant pigment astaxanthin, which not only improves lipid stability by 

preventing oxidation but also contributes additional health-protective effects (Bunea 

et al., 2004). 

 

Table 1.1. Chemical Structures and 3D Molecular Models of EPA and DHA 

 

EPA (Eicosapentaenoic acid) 

PubChem CID 5282847 

 
 

  
 

 

DHA (Docosahexaenoic acid) 

PubChem CID 45934466 

 

 

 

 

 

            From a historical perspective, krill have traditionally been consumed as 

seafood, particularly in the Asia-Pacific region. However, the systematic extraction 

and use of krill oil for health purposes only began in the late 20th century. In recent 

decades, growing demand for omega-3 supplements and increasing interest in marine-

based functional foods have led to the large-scale commercial production of krill oil. 
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Today, krill oil is widely available in both dietary supplement and pharmaceutical 

forms (Tou et al., 2007). 

 

            The health-related applications of krill oil are primarily attributed to its high 

EPA and DHA content. These fatty acids play a vital role in the prevention of 

cardiovascular diseases by improving lipid profiles—reducing total cholesterol, 

lowering low-density lipoprotein (LDL) levels, and decreasing triglyceride 

concentrations (Berge et al., 2014). Additionally, the anti-inflammatory properties of 

krill oil provide therapeutic benefits in managing metabolic disorders where chronic 

inflammation is a contributing factor. Research has explored its efficacy in alleviating 

symptoms of conditions such as rheumatoid arthritis and inflammatory bowel diseases 

(Deutsch, 2007). Moreover, krill oil exhibits neuroprotective effects that could help 

delay the advancement of neurodegenerative conditions like Alzheimer’s disease. 

These effects are linked to the protective role of phospholipids in neuronal cell 

membranes and the oil’s antioxidant capacity (J. H. Kim et al., 2020). 

 

            In addition, the potential dermatological benefits of krill oil have also been 

investigated. Due to its astaxanthin content, krill oil may protect skin cells against 

oxidative stress, thereby contributing to delayed signs of aging and enhanced wound 

healing (Berge et al., 2014). It has also been found to support joint health and aid in 

reducing symptoms of osteoarthritis (Deutsch, 2007). 

. 

 

 

CHAPTER II. GENERAL INFORMATIONS 

 

Bioinformatics is an interdisciplinary scientific field that integrates computer 

science, statistics, and molecular biology for the purpose of collecting, storing, 

analyzing, and interpreting biological data. In the processing of large datasets related 

to biomolecules such as DNA, RNA, and proteins, algorithms, data mining techniques, 

and statistical analysis methods are widely employed (Thampi, 2009). The term 

“bioinformatics” was first introduced in 1970 by Paulien Hogeweg and Ben Hesper to 

describe the study of information flow and processing in biological systems (Hesper 

& Hogeweg, 2021). The foundation of bioinformatics as a discipline was established 



5 

 

through key developments such as the discovery of DNA’s structure in molecular 

biology (1953) and the computational analysis of protein sequences (Hagen, 2000). 

One of the pioneers in this scientific domain, Margaret O. Dayhoff, developed 

the first computerized systems for analyzing protein sequences during the 1960s and 

published the seminal work "Atlas of Protein Sequence and Structure." She also 

introduced the PAM (Point Accepted Mutation) matrix (Dayhoff et al., 1978), which 

laid the groundwork for modern protein sequence databases and alignment algorithms. 

Subsequent advancements included the CLUSTAL-W and CLUSTAL-X algorithms, 

developed by Desmond G. Higgins and Toby Gibson, which revolutionized multiple 

sequence alignments and remain widely used today (Higgins & Sharp, 1988). 

Similarly, large-scale protein function prediction studies led by Edward M. Marcotte 

and colleagues significantly contributed to the development of systems biology 

(Marcotte et al., 1999).  

Currently, bioinformatics is utilized across diverse fields. In genomics, it 

supports mutation analyses and genome-wide association studies (GWAS) based on 

DNA sequencing data; in proteomics, it facilitates protein structure prediction, 

homology modeling, and molecular docking studies (Jumper et al., 2021). In clinical 

medicine, bioinformatics analyses have enabled the diagnosis of genetic diseases and 

the development of personalized treatment strategies (Collins & Varmus, 2015). In 

agriculture, the analysis of plant genomes, identification of genetic variations, and 

biotechnological interventions are also carried out using bioinformatics tools 

(Varshney et al., 2005). Additionally, microbial genomics and metagenomics research 

are supported by bioinformatics infrastructures. Recently, artificial intelligence-driven 

bioinformatics applications have gained prominence, especially with the advent of 

DeepMind’s AlphaFold model, which marked a breakthrough in protein structure 

prediction by achieving outstanding results in the CASP14 (Jumper et al., 2021). 

In summary, bioinformatics aims to integrate biology, computer science, and 

mathematics to make sense of large biological datasets. It has become indispensable 

in both fundamental research and applied medicine. Its applications are expanding 

across a wide spectrum, from genome sequencing and structural biology to drug design 

and environmental biotechnology. 
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 Molecular modeling is a computer-based approach that simulates the 

geometry, energy profiles, and dynamic behavior of biomolecular systems at the 

atomic level based on force fields and physical laws . Bioinformatics, on the other 

hand, is an interdisciplinary field that enables the storage, analysis, and algorithmic 

execution of structural predictions and modeling for large datasets pertaining to 

biomolecules such as DNA, RNA, and proteins. Molecular modeling plays a critical 

role within bioinformatics, particularly in structural genomics, protein structure 

prediction, and folding simulations (Thampi, 2009). 

The integration of molecular modeling with bioinformatics offers a broad range 

of applications, from biological data analysis and three-dimensional protein structure 

prediction to ligand-receptor interaction studies and virtual screening. AI-supported 

structural prediction methods, especially deep learning-based systems like AlphaFold, 

have accelerated the integration of molecular modeling outputs into bioinformatics 

platforms and helped fill knowledge gaps in protein folding (Jumper et al., 2021).  

The historical development of molecular modeling traces back to molecular 

mechanics theories of the 1940s, with Westheimer’s 1946 work laying the foundation 

(Schlick et al., 2011). 

In the 1960s, scientists such as Lifson, Scheraga, and Warshel developed 

systematic force fields utilizing quantum chemical data, while Levitt and Lifson 

applied energy minimization techniques to protein molecules in 1969 (Schlick et al., 

2011). 

  During the 1970s, Rahman and Stillinger performed the first molecular 

dynamics simulations on water molecules (Schlick et al., 2011). In the 1990s, docking 

programs such as DOCK and AutoDock began modeling ligand-receptor interactions 

using Monte Carlo and genetic algorithms; in the 2000s, homology modeling tools like 

MODELLER and I-TASSER became popular (Rakhshani et al., 2018). 

Molecular modeling provides numerous advantages, including lower cost and 

time requirements compared to experimental methods, atomic-level mechanistic 

insights, virtual screening and optimization capabilities in drug discovery, prediction 

of mutation effects, and simulation of diverse scenarios (Schlick et al., 2011). 
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Table 2.1. Main types of molecular modeling. 

Energy minimization (Molecular 
Mechanics) 

The determination of stable 
conformations of molecules using 
force fields and Hooke-type bond 
terms. (Schlick et al., 2011) 

 
Molecular dynamics (MD) 
simulations 

The modeling of the time-dependent 
behavior of a system through atomic 
motions based on Newton’s equations 
of motion, enabling the study of 
phenomena such as protein folding and 
folding kinetics.   (Schlick et al., 201) 

 
Docking / virtual scanning 

The modeling of ligand-receptor 
binding modes and the estimation of 
binding energies are utilized for virtual 
screening purposes in drug design 
(Kamal & Chakrabarti, 2023). 

 
Homology modeling / structural 
prediction 

 
The prediction of three-dimensional 
structures of novel proteins based on 
reference to known homologous 
structures (Sali & Blundell, 1993). 

Quantum mechanical (QM) methods 

The calculation of reactions involving 
bond formation and cleavage at the 
electronic level; the investigation of 
chemical processes such as enzymatic 
reactions (Náray-Szabó et al., 2013). 

 

Modeling techniques are primarily divided into two main categories: force 

field-based classical methods and quantum mechanics-based methods. Force field 

approaches describe atoms as point charges and mass centers, calculating the system’s 

potential energy based on bond lengths, bond angles, torsional angles, van der Waals 

forces, and electrostatic interactions. Molecular mechanics (MM) falls within this 

category and is used to determine stable structures of the system through energy 

minimization. Molecular dynamics (MD) simulations, on the other hand, compute the 

time-dependent movements of atoms based on Newton’s equations of motion and are 

widely applied to study protein folding, ligand binding, and the behavior of 

biomolecular complexes (Jing et al., 2019). 

 

Monte Carlo (MC) simulations perform random sampling of structures based 

on statistical sampling methods and are particularly utilized in thermodynamic 

calculations, phase transitions, and exploration of energy surfaces. Molecular docking 
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is a technique aimed at predicting how and with what binding energy a ligand 

associates with a specific target molecule. During this process, interactions between 

the ligand and receptor are evaluated using various scoring functions to identify the 

most favorable binding mode. Software such as AutoDock, AutoDock Vina, and 

GOLD are widely employed for this purpose (Rakhshani et al., 2018). 

 

Homology modeling aims to predict the structures of novel proteins by 

referencing homologous proteins with known structures. This approach is crucial for 

estimating the three-dimensional structures of proteins that have not yet been resolved 

through experimental methods and is implemented by tools such as MODELLER and 

SWISS-MODEL. Quantum mechanical (QM) methods enable calculations at the 

electronic level of molecular systems and are particularly used to investigate chemical 

reaction mechanisms. Additionally, QM/MM hybrid approaches, which treat the 

active site quantum mechanically and the remainder of the system with molecular 

mechanics, allow for detailed analysis of complex biological processes (Sali & 

Blundell, 1993). 

 

      2.1. Principles of Molecular Docking 

Molecular docking is a method for computationally predicting how a small 

molecule (ligand) binds to a specific biological target (usually a protein). This 

technique was developed to assess how the ligand positions itself within the target 

structure, the conformations in which it can bind, and the strength of this binding. The 

primary goal is to find the optimal binding position and analyze the interactions at this 

position using energy-based evaluation systems (scoring functions) (Huang et al., 

2010). 

The molecular docking process typically comprises three main steps: sampling, 

scoring, and ranking. During the sampling phase, various possible binding modes and 

orientations of the ligand on the receptor surface are generated. Subsequently, each 

conformation is evaluated energetically using scoring functions. These functions 

estimate the binding free energy, thereby predicting the strength of the ligand’s 

interaction with the target. In the final step, the conformations are ranked, prioritizing 

those with the lowest estimated binding energies (Huang et al., 2010). 
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Initially, molecular docking was applied to fixed structures, where both the 

ligand and receptor were assumed rigid. However, over time, models developed to 

consider the flexibility of molecules during binding. This approach, known as "induced 

fit," offers more realistic results by predicting that the receptor can change shape at the 

binding site (Lexa & Carlson, 2012). 

Today, molecular docking plays a crucial role, particularly in drug design and 

virtual screening studies. During the discovery of new drug candidates, large 

molecular libraries can be screened using docking algorithms to identify compounds 

with the most favorable binding affinities. This approach offers significant advantages 

in terms of time and cost efficiency by narrowing down potential candidates prior to 

experimental validation (Ferreira et al., 2015). 

Docking applications are not limited to analyzing interactions between small 

molecules and proteins. They can also be adapted to model protein–protein, protein–

nucleic acid, and protein–carbohydrate interactions. With advances in technology, 

artificial intelligence-assisted scoring functions are increasingly being integrated into 

docking workflows, thereby enhancing the accuracy of molecular interaction modeling 

(Pagadala et al., 2017). 

Two fundamental models stand out in the field of molecular docking: the lock-

and-key model and the induced fit model (Figure 2.1). In the lock-and-key model, the 

ligand fits perfectly into a predetermined, unchanging structure specific to the target 

molecule's binding site. This model assumes a rigid binding surface and is based on 

simple structural pairings. On the other hand, the inducible fit model proposes that 

conformational changes occur in the target molecule's binding site during ligand 

binding. This results in more flexible binding, and molecules can mutually change 

shape, resulting in higher affinity. Currently, more realistic and dynamic binding 

models are being developed in molecular docking studies, taking into account protein 

flexibility and ligand mobility, thereby improving accuracy in drug discovery 

processes (Tripathi & Bankaitis, 2017). 
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Figure 2.1. Molecular Docking Models: (A) Lock and Key Model, (B) Induced Fit 
Model (Yang et al., 2022). 

 
 

2.2. Protein-Ligand Docking 

Protein-ligand docking is a structure-based computational method for 

predicting the binding strength and position of a ligand on a target protein. This method 

is critical for drug design and understanding biomolecular interactions. The docking 

process generally consists of three stages: sampling, scoring, and ranking (Table 2.2). 

In the sampling stage, different conformations of the ligand at the target binding site 

are modeled. These conformations are analyzed with energy-based scoring functions 

that evaluate binding affinities. In the final stage, the ligand positions are ranked 

according to their binding energy to determine the most likely binding mode (Meng et 

al., 2011). 

 

Table 2.2. Schematic of protein-ligand classification (Sousa et al., 2006). 

Name of 
Steps 

Explanation 
Methods 

 
Sampling 

Examples of positions created 
when docking the ligand to 
the target site 

Systematic search, Monte 
Carlo, Genetic algorithms, soft 
keter, flexible side chain 

 
Scoring 

Calculating the binding 
energy of each position 

Physical (force field), 
empirical, knowledge-based, 
ML-based scoring functions 

 
Ranking 

Selecting the best 
conformations based on 
scoring functions 

Ranking with RMSD, energy, 
MSP, ML based methods 

 

The most well-known docking models are the "lock and key" model and the 

"induced fit" model. The lock and key model assumes that the ligand binds to the target 
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structure in only a specific manner, while the inducible fit model considers flexibility 

in both the ligand and receptor structures. This model allows for simulating 

conformational changes that occur in the protein structure during ligand binding (Yang 

et al., 2022). 

 

Today, molecular docking systems utilize machine learning-based scoring 

functions in addition to classical methods. These advancements allow for higher 

accuracy in predicting binding positions and affinities. Protein-ligand docking, 

particularly in virtual screening processes, allows for rapid and systematic analysis of 

hundreds of thousands of compounds, significantly reducing the cost and time of 

experimental studies (Meng et al., 2011). 

 

      2.3. Molecular Dynamics: Principles and Techniques 

Molecular dynamics (MD) simulations are a computational approach that 

applies Newton’s second law of motion to investigate how molecular systems evolve 

over time (Badar, Shamsi, & Ahmed, 2022). This method allows for the modeling of 

biomolecules at the atomic level, enabling detailed investigation of biological 

phenomena such as protein folding, ligand binding processes, and enzymatic 

mechanisms (Hollingsworth & Dror, 2018). 

MD simulations begin with the preparation of the system; during this phase, 

the atomic coordinates, bonds, angles, charges, and initial velocities are defined 

(Friedrichs et al., 2009). The forces between atoms are then determined, and how they 

move over time under the influence of these forces is calculated. This process is 

typically performed using time integration algorithms such as Verlet or leapfrog, with 

time steps on the order of femtoseconds (10⁻¹⁵ s). Potential energy functions form the 

basis of molecular dynamics simulations, and these functions are generated by force 

fields that describe the interactions between atoms. Commonly used force fields 

include AMBER, CHARMM, and GROMOS. These models generate the energy 

profile of the system by describing interatomic bond lengths, angles, torsions, and van 

der Waals or electrostatic interactions (Badar et al., 2022). 

MD simulations historically began in the 1950s with the modeling of simple 

systems and experienced a significant turning point with the simulation performed by 

Rahman and Stillinger on the water molecule in 1960. Ab initio simulations, developed 
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by Car and Parrinello in the 1980s and based on quantum mechanics, emerged as an 

alternative to classical approaches (Kühne et al., 2007). 

While all atoms are explicitly modeled in classical MD simulations, coarse-

grained models represent groups of atoms as single units, reducing computational 

costs. For more complex systems, quantum mechanical molecular dynamics (e.g., ab 

initio or Car–Parrinello MD) methods are preferred. These methods include electrons, 

allowing detailed analysis of chemical reactions such as bond formation and breaking 

(Kühne et al., 2007). MD simulations have also been enriched with QM/MM (quantum 

mechanical/molecular mechanics) approaches. In these methods, the active region of 

the system is represented quantum mechanically, and the rest is represented classically 

mechanically. This reduces computational costs and allows for accurate simulation of 

chemical reactions (Badar et al., 2022). 

The advantages of MD include providing detailed information at the atomic 

level, allowing observation of transient structures not obtainable by experimental 

methods, and enabling thermodynamic and kinetic analyses. However, it also has 

limitations, such as high computational cost, timescale limitations, and the accuracy 

of the force fields used. To overcome these limitations, parallel computing techniques, 

enhanced sampling methods (e.g., metadynamics), and machine learning-based 

simulation systems are widely used today. Figure 2.3 summarizes the MD simulation 

process (Martyna et al., 1999). 

 

Figure 2.2. MD simulation process ((6) Molecular Dynamics Simulations: Concepts 

and Applications | LinkedIn, n.d.).  
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Molecular dynamics (MD) simulations are powerful computer-based methods 

that enable the understanding of biological processes at the micromolecular level in 

the healthcare field. They offer critical clinical benefits, particularly by examining 

protein-ligand interactions, the flexibility of drug target structures, and the dynamic 

behavior of drug candidates (Mortier et al., 2015). 

During the COVID-19 pandemic, MD simulations have become a fundamental 

method used in many studies, from drug discovery to target identification. For 

example, Aris and colleagues evaluated the interaction of griseofulvin and its 

derivatives with the SARS-CoV-2 protease enzyme using MD and demonstrated 

potential therapeutic potential. Similarly, a study analyzing the binding stability of 

natural inhibitors to the ACE2 receptor using MD simulations yielded stable ligand-

receptor complexes for compounds such as cinnamic acid, thymoquinone, and 

andrographolide, indicating the therapeutic potential of these natural molecules (Aris 

et al., 2022). 

In a study conducted within the framework of drug repurposing, the binding 

stability of FDA-approved drugs to SARS CoV-2 Mpro protease was tested by MD; 

candidates such as Simeprevir, Ergotamine, Bromocriptine and Tadalafil formed 

stable complexes over time and were analyzed as indicators of suitable binding 

energies (Ray et al., 2022). 

MD simulations are valuable not only for drug discovery but also for 

membrane permeation and pharmacokinetic prediction. Ghaed Sharaf & Omidvar 

(2022) analyzed the permeation dynamics of COVID-19 drugs such as favipiravir and 

hydroxychloroquine through the cell membrane using MD and DFT, demonstrating 

that favipiravir has a lower free energy barrier and greater membrane permeability 

(Ghaed-Sharaf & Omidvar, 2022). 

The table below summarizes examples of the use of MD simulations in clinical 

research: 

 

Table 2.3. Protein-ligand classification 

Application Area Explanation Methods 

 
Griseofulvin derivatives 
MD in SARS CoV 2 

Estimation of enzyme 
inhibition potential 
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COVID 19 
therapeutic 
discovery 

protease (Aris et al., 
2022) 

 
ACE2 
modulation by 
natural 
inhibitors 

Cinnamic acid, 
thymoquinone specific 
ligand ACE2 stability 
(Aris et al., 2022) 

Potential to block cell entry 

Drug 
repurposing 

Mpro binding for agents 
like Simeprevir, 
Ergotamine, Tadalafil 
(Kumar et al., 2020) 

Repurposing approved drugs 
for COVID-19 treatment 

Membrane 
permeability 
studies 

Favipiravir and HCQ 
transition dynamics 
(Ghaed Sharaf & 
Omidvar, 2022) 

Prediction of drug 
pharmacokinetic properties 

 

 

2.3.1. Computational Algorithms in MD Simulations 

The computational algorithms used in Molecular Dynamics (MD) simulations 

are crucial for simulation accuracy, stability, and computational efficiency. These 

algorithms primarily encompass functions such as time integration, force calculation, 

thermodynamic control, and sampling acceleration. 

First, time integration algorithms provide numerical solutions of Newton's 

equations of motion. The Störmer–Verlet algorithm and its derivatives, the Leapfrog 

and Velocity Verlet algorithms, are widely used in simulations. These methods offer 

stability in long-term simulations thanks to their energy-conserving and symmetric 

structures (Mazur, 1997). The Beeman algorithm, on the other hand, improves kinetic 

energy calculations by increasing accuracy, particularly in velocity estimation (Amini 

et al., 1987). 

 

The calculation of electrostatic and long-range forces is a critical step in MD 

simulations. The Ewald Summation method is a classical algorithm used to calculate 

long-range Coulombic interactions under periodic boundary conditions. Nevertheless, 

because of the intensive computational demands, modern simulations tend to favor 

FFT-based accelerated methods like Particle Mesh Ewald (PME) and Smooth Particle 

Mesh Ewald (SPME). These algorithms significantly reduce computational time while 
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preserving the accuracy of the electrostatic interactions in the system (Essmann et al., 

1995). 

Neighbor list algorithms (Verlet list and cell list) are used to calculate short-

range forces. These methods quickly determine whether atom pairs are within a certain 

cutoff distance, preventing unnecessary computations and improving simulation 

efficiency (Rapaport, 2004). 

 

Various thermostat and barostat algorithms have been developed for 

thermodynamic control. The Nosé–Hoover thermostat provides a deterministic 

temperature control mechanism for the canonical (NVT) ensemble, while Langevin 

dynamics achieves thermal equilibrium using stochastic forces. As barostats, the 

Parrinello-Rahman and Martyna-Tobias-Klein algorithms provide pressure control 

and can dynamically adjust the system volume, particularly under isobaric (NPT) 

conditions (Martyna et al., 1994). 

 

Advanced sampling techniques are also used to increase the efficiency of MD 

simulations. The Replica Exchange Molecular Dynamics (REMD) method facilitates 

overcoming energy barriers by performing parallel simulations at different 

temperatures. Metadynamics, on the other hand, accelerates the discovery of new 

conformations by adding bias to collective variables. In recent years, machine 

learning-assisted adaptive sampling techniques have also been the subject of research 

and have been used to speed up simulations and increase sampling efficiency (Bernardi 

et al., 2015). Table 2.4 provides a general summary of the relevant methods. 

 

Table 2.4. Overview of Computational Methods in Molecular Dynamics 

Time Integration 

Algorithms 

Verlet (Störmer–Verlet) Algorithm, Leapfrog, 

Verlet Algorithm, Velocity Verlet Algorithm, 

Beeman Algorithm, Gear Predictor-Corrector 

Algorithm 

Electrostatic and Long-

Range Force Calculation 

Algorithms 

Ewald Summation, Particle Mesh Ewald (PME), 

Smooth Particle Mesh Ewald (SPME), Reaction 

Field Method, Fast Multipole Method (FMM) 
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Short-Range Force and 

Neighbor List Algorithms 
Verlet List, Cell Linked 

Thermostat Algorithms 

(Temperature Control) 

Berendsen Thermostat, Nosé–Hoover Thermostat, 

Langevin Dynamics, Andersen Thermostat 

Barostat Algorithms 

(Pressure Control) 

Berendsen Barostat, Parrinello-Rahman Barostat, 

Martyna-Tobias-Klein (MTK) Barostat 

Advanced Sampling and 

Acceleration Techniques 

Replica Exchange Molecular Dynamics (REMD), 

Metadynamics, Simulated Annealing, Accelerated 

Molecular Dynamics (aMD), Adaptive Sampling / 

Machine Learning Driven Sampling 

 

 

2.4. Integrative Role of Molecular Docking and Molecular Dynamics 

Simulations in the Drug Discovery 

Molecular modeling methods are frequently used in modern drug discovery 

processes to reduce experimental burden and increase the efficacy of targeted 

therapies. Molecular docking and molecular dynamics (MD) simulations, in particular, 

play critical roles in elucidating both the static and dynamic aspects of ligand-protein 

interactions. Integrating these two approaches increases the accuracy of binding 

affinity predictions and allows for a more reliable assessment of the pharmacological 

potential of candidate molecules (Ferreira et al., 2015; Meng et al., 2011). 

Molecular docking is a structure-based computational method used to predict 

the binding pattern and binding affinity of small molecules to biological targets 

(mostly proteins). This method offers significant advantages in preliminary screening 

of potential inhibitors by determining the optimal conformation and position of the 

ligand on the target protein. Docking algorithms typically approximate the free energy 

of the ligand-protein complex based on scoring functions. However, these calculations 

are often performed on static crystal structures and take limited account of the 

flexibility of proteins (Pagadala et al., 2017). 

 

At this point, molecular dynamics simulations play a critical role in assessing 

the stability, structural changes, and binding behavior of the resulting complexes over 

time after docking. MD simulations provide time-varying structural information at the 

atomic level, allowing us to observe the protein's conformational flexibility and the 
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ligand's behavior at the binding site. This allows us to correct potential binding modes 

or weakly predicted interactions overlooked in docking analyses (Hollingsworth & 

Dror, 2018). 

 

The integration of docking and molecular dynamics (MD) simulations is 

employed throughout multiple phases of the drug discovery pipeline, including virtual 

screening, lead optimization, structure-guided drug design, and toxicity assessment. 

This combined approach offers significant advantages in areas such as docking. For 

example, when the molecules with the highest scores are subsequently subjected to 

MD simulation, molecules that exhibit binding stability not only in static 

configurations but also in dynamic environments are selected, further enhancing the 

process of drug candidate identification (Geromichalos, 2007). 

 

Furthermore, this integrative approach plays an important complementary role 

in the field of structural bioinformatics. In particular, the combined use of MD 

simulation platforms such as Gromacs, AMBER, and NAMD with docking software 

such as Autodock, Glide, and GOLD enables atomic-level mechanistic predictions and 

reduces the need for experimental validation (Gioia et al., 2017). 

 

 

2.5. Breast Cancer: An Assessment of Historical Development, 

Epidemiology, and Risk Factors 

Breast cancer stands out as one of the oldest known diseases throughout 

history. The Edwin Smith Papyrus, dating back to 1600 BC in ancient Egypt, states 

that breast lumps are incurable and often fatal. Pioneers in medical history, such as 

Hippocrates and Galen, linked breast cancer to the accumulation of "black bile" 

(melancholia), a phenomenon that persisted throughout the Middle Ages. However, 

the first systematic scientific evaluations of breast cancer began in the 19th century, 

and with the development of histopathological classifications and microscopy 

techniques, the disease began to be better understood. By the 20th century, the effects 

of hormonal factors, genetic predispositions, and environmental factors on breast 

cancer began to be investigated using epidemiological methods (Lukong, 2017). 
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At present, breast cancer is the most commonly diagnosed malignancy among 

women worldwide. Based on GLOBOCAN 2020 statistics, around 2.3 million women 

are diagnosed annually, making up about 11.7% of all cancer cases. Worldwide, breast 

cancer stands as the second leading cause of cancer-related deaths among women, 

accounting for over 685,000 fatalities. This burden impacts not only healthcare 

systems but also societal and economic structures. Breast cancer incidence rates vary 

significantly across geographic, socioeconomic, and cultural factors. Although breast 

cancer diagnosis rates are high in developed countries, mortality rates are low thanks 

to early diagnosis and effective treatment protocols. In contrast, despite lower 

incidence rates in low- and middle-income countries, high mortality rates are 

associated with limited access to healthcare services, inadequate screening programs, 

and late diagnosis. Figure 2.3 shows the highest and lowest breast cancer incidence 

and mortality rates by country as of 2020. According to the table, the normalized 

incidence ratio (ASIR), for example, is 112/100,000 in Belgium, while it is around 

36/100,000 in lower-incidence countries like Iran. Life expectancy and new diagnosis 

rates vary significantly between countries (Sung et al., 2021). 

 

Figure 2.3 provides a comparative overview of female breast cancer incidence 

and mortality rates across various global regions, age-standardized to the world 

population as of 2018. Regions are ordered by decreasing incidence rates, while peak 

national values within each region are indicated to emphasize intra-regional 

disparities. 
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Figure 2.3 Breast Cancer in Women: Regional Distribution of Global Incidence and 

Mortality 

In Turkey, breast cancer is the most commonly diagnosed form of cancer in 

women. According to the Turkish Cancer Statistics, breast cancer constitutes 

approximately 24% of all cancer cases among women. In Turkey, the disease is 

typically diagnosed at a younger age, with the average age at diagnosis being 49. This 

rate is approximately 10-14 years earlier than in Western countries and is thought to 

be due to genetic, environmental, or cultural factors. A large cohort study conducted 

at Istanbul University Faculty of Medicine evaluated the clinical data of more than 

6,000 women and demonstrated that young diagnosis is common. The incidence of 

breast cancer in Turkey varies by region; while the rate is close to 50 cases per 100,000 

people in western provinces, this rate is below 20 in eastern provinces. This disparity 

is believed to be associated with differences in lifestyle, reproductive factors, and 

levels of awareness regarding cancer screening. (Bayrakçeken et al., 2024). 

 

Risk factors for breast cancer include increasing age, inherited mutations in the 

BRCA1 and BRCA2 genes, a family history of the disease, early menarche, late 

menopause, advanced age at first childbirth, nulliparity, alcohol consumption, obesity, 

physical inactivity, and the use of hormone replacement therapy. Additionally, breast 
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tissue density is also a risk factor and can affect the sensitivity of screening methods. 

At the molecular level, breast cancer is categorized into distinct subtypes, including 

hormone receptor-positive (estrogen receptor [ER+] and/or progesterone receptor 

[PR+]), human epidermal growth factor receptor 2-positive (HER2+), and triple-

negative breast cancer (TNBC). This classification is important for treatment planning 

and prognosis (Bayrakçeken et al., 2024). 

 

Recent epidemiological studies indicate that breast cancer mortality increases 

with age. The Global Burden of Disease study, spanning the period from 1990 to 2021, 

reported a notable rise in breast cancer-related mortality rates among women aged 70 

years and above. This increase is explained by the increased complexity of diagnosis 

and treatment in this age group and the associated comorbidities (Liu et al., 2024). A 

similar analysis conducted in Turkey noted that age-standardized mortality ratios 

(ASMR) increased from 12.26 in 1990 to 12.65 in 2019, with this increase particularly 

concentrated among women aged 70 and older. However, a decrease in mortality rates 

was observed in the 50–69 age group, which was partially attributed to the impact of 

screening programs targeting this age group (Yekdeş et al., n.d.). 

 

However, the effectiveness of screening programs varies across countries. 

National screening programs in Turkey recommend biennial mammography for 

women aged 40–69, but participation rates are below 30%. A 2024 study reported 

clinical breast examination rates of 8.9%, self-examinations of 11.8%, and 

mammography rates of 11.3%. These low rates have been linked to a lack of 

awareness, education level, socioeconomic status, and distrust in the healthcare system 

(Bayrakçeken et al., 2024). 

 
Table 2.5. Breast cancer risk factors. 

Risk Factor Effect / Protective Effect Source 

Positive Family History OR = 4.67–5.7 times increase (Farooq & Ilyas, 2023) 

Smoking OR ≈ 1.75 (Sivas); p < 0.05 

(Ankara) 

(‘Breast Cancer Risk 

Factors in Turkey’, 

2011) 

Early Menarche (<15 

years) 

OR = 1.72 (Kuru et al., 2002) 
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First Birth ≥30 Years of 

Age 

OR = 2.86 (Kuru et al., 2002) 

Oral Contraceptive Use OR = 1.51 (Kuru et al., 2002) 

Menstrual Irregularity OR = 1.61 (Kuru et al., 2002) 

Long-Term 

Breastfeeding (>5 

years) 

OR = 0.31 (protector) (Kuru et al., 2002) 

HRT (>36 months use) Significant increased risk (‘Breast Cancer Risk 

Factors in Turkey’, 

2011) 

Fast Food/Low Fiber–

Vitamin Intake 

Increased risk / Fiber & 

vitamin C as a protective 

effect 

(Alim & Kiziltan, 2016) 

 

2.5.1. Structural Features of Breast Tissue 

The human breast is situated between the second and sixth ribs, extending 

laterally from the sternum to the midaxillary line. The breast, resting on the fascia of 

the pectoralis major muscle, is nestled between the superficial and deep fascial layers. 

This anatomical structure is anchored to the skin by Cooper’s ligaments, connective 

tissue bands that provide structural support and help preserve the breast’s shape. 

(Duncan et al., 2022). 

 

The breast is composed of three primary components: glandular (secretory), 

stromal (connective and fatty tissue), and vasculo-lymphatic structures. The glandular 

structure consists of small mammary glands called lobules and the lactiferous ducts 

(ductus lactiferi) that carry these lobules to the nipple. The glandular tissue consists of 

units called terminal duct lobular units (TDUs). This structure is the starting point for 

many types of breast cancer (Cieśla et al., 2020). 

 

The breast parenchyma (functional tissue) consists of 15–20 lobules, arranged 

radially around the areola. Each lobule is composed of smaller lobules, which contain 

groups of alveolar cells. The lobules consist of lactating epithelial cells and 
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surrounding myoepthelial cells. Myoepthelial cells have contractile properties to 

facilitate milk flow (Cieśla et al., 2020). 

 

Stromal tissue is the supportive connective tissue surrounding the glandular 

tissue. This structure contains fibroblasts, collagen fibers, fat cells, and immune cells. 

The majority of breast volume consists of adipose tissue; the proportion of glandular 

tissue varies from person to person, depending on age, hormonal status, and 

menopause (Duncan et al., 2022). 

 

Cooper's ligaments are fibrous structures that extend from the deep fascia 

through the glandular and stromal tissue to the subcutaneous tissue. Figure 2.4 shows 

the breast lying between two layers: the superficial fascia and the deep fascia covering 

the pectoralis major muscle. Cooper's ligaments extend between these two layers, 

connecting the breast to the chest wall. The deep retromammary space is also located 

between these layers. These ligaments shape the breast and can lead to clinical findings 

such as skin retraction or an "orange peel" appearance in pathological processes (e.g., 

tumor invasion) (Briot et al., 2022). 

 

 

Figure 2.4. Human Female Beast Internal Structure (Briot et al., 2022). 

 

The breast's blood supply is provided by the internal thoracic artery, the lateral 

thoracic artery, and the posterior intercostal arteries. Venous drainage occurs via 

venous systems parallel to these arteriesLymphatic fluid drains primarily into the 



23 

 

axillary lymph nodes as well as the internal thoracic (parasternal) lymph nodes. This 

distribution of the lymphatic system is critical for understanding the metastatic pattern 

of breast cancer (Fenech et al., 2025). 

 

The nipple and areola region is supplied with small sebaceous glands, 

Montgomery glands, sensory nerve endings, and muscle fibers located in the 

pigmented skin of the areola. Sensory innervation of the areola and nipple is provided 

predominantly by the fourth intercostal nerve (Zucca-Matthes et al., 2016). 

 

Embryologically, breast tissue begins to develop along the milk line in the sixth 

week, with thickening of ectodermal cells. This line extends from the axilla to the 

groin, and during normal development, only the thoracic region develops into a breast. 

Developmental remnants may result in the formation of accessory breasts or 

supernumerary breasts in the axillary tissue (Lee et al., 2021). 

 

The upper outer quadrant, due to embryological development, has a denser 

glandular structure and is the region where breast cancer is most frequently observed. 

This is important for both anatomical and pathological evaluations (Lee et al., 2021). 

 

2.5.2. Clinical Features of Breast Cancer 

Breast cancer is the most common malignant tumor affecting women 

worldwide and constitutes a leading cause of cancer-related death. In 2020, 

approximately 2.3 million women were diagnosed with breast cancer globally. While 

breast cancer is quite rare in men, a slight increase in its incidence has been observed 

in recent years (Sung et al., 2021). 

 

The disease has a heterogeneous structure, both clinically and molecularly. 

Divided into subtypes such as luminal A, luminal B, HER2-positive, and triple-

negative, breast cancer also varies in terms of the type and severity of symptoms 

(Orrantia-Borunda et al., 2022). While the disease is often asymptomatic in the early 

stages, it can present with both local and systemic symptoms in later stages. These 

symptoms may include a mass, nipple changes, skin retraction or edema, axillary 

lymphadenopathy, and evidence of distant metastasis (Barlow et al., 2002; Orrantia-

Borunda et al., 2022). A summary is shown in Table 2.6. 
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Recognizing clinical symptoms is critical for early diagnosis and effective 

treatment. While survival rates for breast cancer diagnosed at an early stage exceed 

90%, this rate drops significantly in advanced stages. Therefore, healthcare 

professionals' sensitivity to clinical symptoms is essential in combating the disease 

(Libson & Lippman, 2014). 

 

Table 2.6. Symptoms of breast cancer (Barlow et al., 2002). 
 

Symptom 
Definition and Clinical 

Features 

Status of 

occurrence 

Clinical 

Significance 

Palpable breast mass 
Painless, hard, irregularly 

defined mass 
Most frequently 

The most critical 

symptom for early 

diagnosis 

Skin changes 
Orange peel, edema, 

retraction, ulceration 
Medium-high 

Indicator of local 

invasion and 

inflammatory type 

Nipple 

retraction/discharge 

Inhalation, ulceration, sero-

sanguinous discharge 

Moderate 

prevalence 

Suggests centrally 

located tumors 

Lymphadenopathy 

Axillary/supraclavicular 

hard and painless lymph 

nodes 

Widespread 
Indicator of 

lymphatic spread 

Localized 

pain/tenderness 

Pain, warmth and redness, 

especially in inflammatory 

types 

Less often 

Indicator of 

advanced stage or 

aggressive type 

Systemic and 

metastatic findings 

Weight loss, bone pain, 

dyspnea, neurological 

symptoms 

Late stage 

Indicates the 

presence of 

metastatic spread 

 

The most common clinical symptom of breast cancer is a painless, firm, 

irregularly circumscribed mass, usually noticed by the woman or her physician. The 

most common location is the upper outer quadrant, where breast tissue is most dense. 

The mass is usually unilateral and may be mobile or fixed. The mass's size, location, 

and palpable characteristics provide important clues about the stage of the disease 

(Barlow et al., 2002). 
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Changes seen on the breast skin often develop due to lymphatic obstruction and 

may indicate advanced-stage disease. The most common findings include an orange 

peel appearance, skin redness, edema, ulceration, and hyperemia. These findings are 

particularly prominent in inflammatory breast cancer and are considered indicators of 

an aggressive course. Skin retraction occurs when the underlying tumor tissue fuses 

with the skin and pulls it inward and generally suggests advanced local invasion 

(Libson & Lippman, 2014). 

 

Nipple retraction (indrawing), erosion, ulceration, or nipple discharge are other 

notable findings of breast cancer. The type of discharge is an important diagnostic 

indicator: unilateral, spontaneous, and serosaguinous discharge should be interpreted 

as a sign of malignancy. Furthermore, eczema-like lesions on the nipple may suggest 

Paget's disease; This condition is a special form associated with ductal carcinoma and 

requires diagnostic attention (Orrantia-Borunda et al., 2022). 

 

Breast cancer tends to metastasize through the lymphatic system. The axillary 

lymph nodes are the most commonly affected sites. These nodes are usually firm, 

painless, and palpable with reduced mobility. In more advanced stages, supraclavicular 

or cervical lymph nodes may also be affected. The presence of lymphadenopathy is 

important in determining the regional spread of the disease and its prognostic status 

(Fenech et al., 2025). 

 

Although breast cancer is generally a painless disease, localized pain and 

tenderness can be observed in some subtypes—especially inflammatory breast cancer. 

Pain is usually felt in areas adjacent to the mass and is often accompanied by 

inflammatory findings such as increased warmth and erythema. Furthermore, in 

advanced stages, neuralgic pain due to nerve invasion may also be observed (Orrantia-

Borunda et al., 2022). 

 

Systemic symptoms may develop in advanced breast cancer cases. These 

symptoms encompass fatigue, decreased appetite, weight loss, night sweats, and fever. 

Organ-specific symptoms related to metastatic spread also occur. For example, bone 

pain and fractures due to osteolytic lesions may occur in bone metastases; 

hepatomegaly and jaundice may occur in liver metastases; and dyspnea and persistent 
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cough may occur in lung metastases. Brain metastases may present with neurological 

findings such as headache, confusion, and seizures (Fenech et al., 2025). 

 

2.5.3. Methods for Early Breast Cancer Detection 

Diagnosing breast cancer at an early stage is critical for reducing mortality and 

morbidity. Early diagnosis allows for localized tumor detection, which increases the 

likelihood of a complete cure with less invasive treatments. Diagnostic modalities are 

utilized both for screening asymptomatic populations and for the clinical evaluation of 

symptomatic patients. In this regard, several methods are widely utilized, including 

mammography, ultrasonography, magnetic resonance imaging (MRI), clinical breast 

examination, and breast self-examination (L. Wang, 2017). 

 

• Clinical and Physical Examination Methods 

These methods constitute the first non-imaging evaluation steps in the early 

diagnosis of breast cancer. These methods are considered important screening tools, 

especially in resource-limited areas, and contribute to raising awareness. 

 

Breast Self-Examination (BSE) allows individuals to identify abnormalities 

through regular self-examination. Nonetheless, evidence from randomized controlled 

trials indicates that breast self-examination (BSE) does not lead to a significant 

decrease in breast cancer mortality. While this method is important for raising 

awareness and monitoring personal health, it can lead to unnecessary medical visits 

due to false-positive alerts. It is easy to implement and increases individual awareness. 

It has low scientific validity and can cause false-positive results and unnecessary 

anxiety (L. Wang, 2017). 

 

Clinical breast examination is the physical detection of lumps, nodules, or 

other abnormalities in the breast tissue by systematic palpation performed by 

healthcare professionals. CBE, when combined with mammography, contributes to the 

diagnosis of early-stage cancers, but its use alone has low sensitivity and there is 

evidence that it does not significantly reduce mortality (Nelson et al., 2016). 

Standardization challenges arise due to operator dependency and interindividual 

variability. Low cost; availability; early detection; low sensitivity and specificity; risk 

of missing early lesions; and dependence on training and experience (L. Wang, 2017). 
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• Imaging-Based Methods 

Imaging-based methods are essential diagnostic tools for the early detection of 

breast cancer, and screening with mammography, particularly in women aged 50–69, 

can reduce mortality by 25–40%. These methods play a critical role in identifying 

asymptomatic cases due to their high sensitivity and diagnostic accuracy (K. A. Smith 

et al., 2023). 

 

Mammography is considered the gold standard for early-stage breast cancer 

detection. It is used in routine screening programs, particularly in women aged 50–74, 

and is widely credited with reducing breast cancer mortality by 25–40% in this age 

group (Nelson et al., 2016). Mammography uses X-rays to visualize masses, 

microcalcifications, and other pathological changes in breast tissue. However, the 

sensitivity of mammography decreases in women with high breast density because 

dense fibroglandular tissue makes it difficult to visualize masses. Therefore, adding 

digital tomosynthesis to mammographic imaging enables layer-by-layer scanning of 

breast tissue and allows for three-dimensional separation of lesions. This reduces false-

negative and positive rates, particularly in individuals with dense breast tissue 

(Alabousi et al., 2020). The clinical utility of digital tomosynthesis is validated by 

evidence-based studies and integrated into standard mammography protocols. Widely 

available, high-level evidence suggests mortality reduction, and low invasiveness. Use 

of ionizing radiation, low sensitivity in dense breast, different efficacy depending on 

age group, risk of overdiagnosis. 

 

Contrast-enhanced spectral mammography is an advanced imaging method 

that uses iodinated contrast material to assess the vascular structure and angiogenesis 

of breast tissue. CESM provides higher sensitivity and better lesion detection than 

standard mammography, especially in patients with dense breast tissue (AJR CESM 

study, 2017). This method reveals vascular enhancement even in the early stages of 

breast cancer, making lesions more visible. However, the use of iodinated contrast 

should be used with caution due to the risk of allergic reactions and renal dysfunction. 

This high sensitivity, improved vascular assessment, and improved lesion detection 

compared to standard mammography are associated with the need for contrast, 

increased radiation dose, and contrast-related side effects (Nelson et al., 2016). 
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Magnetic Resonance Imaging (MRI) is a method that provides high-

resolution, radiation-free assessment of breast tissue, particularly recommended for 

high-risk individuals (such as those carrying BRCA mutations). MRI has a sensitivity 

of approximately 90% and is very effective in detecting early-stage disease such as 

multifocal, multicentric, and ductal carcinoma in situ (DCIS). However, its specificity 

is lower than that of mammography and ultrasound, leading to an increase in false-

positive results. Furthermore, due to its cost and time-consuming nature, MRI is used 

in selected high-risk patients rather than in routine screening. Radiation-free; high 

sensitivity; detection of early-stage and multifocal lesions; high cost; limited 

availability; low specificity; and risks associated with the contrast agent (Elahi & 

Nazari, 2024). 

 

 

• Molecular and Biologically Based Methods 

Molecular and biologically based techniques provide a non-invasive and highly 

sensitive means for the early detection of breast cancer by targeting tumor-specific 

genetic alterations and biomarkers. Notably, biomarkers such as circulating tumor 

DNA (ctDNA) can be identified in 62–74% of patients with early-stage breast cancer 

and hold significant prognostic value for disease monitoring. (Wu & Chu, 2022). 

 

Liquid biopsy is a non-invasive diagnostic and monitoring method that detects 

tumor DNA (ctDNA) or tumor cells (CTCs) released into the blood by the tumor. 

Although ctDNA levels are generally low in early-stage breast cancer, some studies 

have shown high specificity and sensitivity even at an early stage (Zhang et al., 2019; 

Wan et al., 2020). It also plays a crucial role in assessing prognosis in advanced stages 

of the disease. (Breast Cancer Research, 2025). The detection of CTCs is a valuable 

biomarker for assessing treatment response, especially in metastatic patients (STIC 

CTC study). However, limited detection rates in early stages and technological costs 

preclude the use of these methods in routine screening. Non-invasive; reflects tumor 

heterogeneity; monitors treatment response. Low detection rate in early stages; high 

cost; technical difficulties; does not provide tumor localization (van der Poort et al., 

2022). 
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The PIC-Seq method aims to determine the molecular profile of tumors for 

early diagnosis based on cfDNA fragment analysis. While still in the research phase 

for early-stage breast cancer, promising results have been reported. Furthermore, 

ctDNA detection in breast milk is being evaluated as a new and potential method for 

early diagnosis, particularly in the postpartum period (VHIO study). Early molecular 

subtyping is non-invasive. Clinical use is still in its early stages; standardization and 

large-scale validation are lacking (L. Wang, 2017). 

 

 

2.5.4. Breast Cancer Staging: Anatomy and Prognostics 

Breast cancer is one of the most common malignant neoplasms affecting 

women worldwide, with staging serving a pivotal function in both diagnosis and 

treatment. The process of staging, which assesses the anatomical extent of the disease, 

is essential for prognosis prediction, selection of therapeutic strategies, and guiding 

clinical decisions. The TNM (Tumor, Node, Metastasis) classification system, 

developed by the American Joint Committee on Cancer (AJCC) and the Union for 

International Cancer Control (UICC), has been widely accepted as the standard model 

for cancer staging. This system stages breast cancer anatomically based on primary 

tumor size (T), regional lymph node involvement (N), and the presence of distant 

metastases (M) (Hu et al., 2017). 

 

However, this system, based solely on anatomical criteria, has been observed 

to lead to significant differences in clinical course and treatment response among 

patients with the same TNM stage. Therefore, with the 8th edition of the AJCC, which 

entered into force in 2018, a prognostic staging system that incorporates the biological 

characteristics of the tumor in addition to the classical TNM staging was implemented 

(Sun et al., 2020). In this new system, tumor histological grade, estrogen (ER) and 

progesterone (PR) receptor status, HER2 (human epidermal growth factor receptor 2) 

status, and, in some cases, gene expression panels (e.g., Oncotype DX, MammaPrint, 

EndoPredict) have become decisive factors in staging. This allows for the 

classification of patients into more accurate prognostic groups, considering not only 

tumor size and metastatic spread but also their potential biological behavior (Prat et 

al., 2012). 
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The staging approach created by integrating these biomarkers reveals that 

patients with similar anatomic stages may have different prognoses and allows for 

personalized treatment. For example, a patient with T1N0 disease who is hormone 

receptor positive, HER2 negative, and has a low proliferation index (like luminal A) 

can be classified into different stages based on their biological characteristics and be 

directed to different treatment strategies, compared to a patient with the same anatomic 

stage but a triple-negative subtype (triple-negative) (Prat et al., 2012). 

 

Staging systems are used not only at diagnosis but also in the evaluation of 

residual disease after treatment. In this context, a distinction is made between clinical 

staging (cTNM), pathological staging (pTNM), and post-neoadjuvant therapy staging 

(ypTNM), each of which can address different clinical questions. Furthermore, the 

harmonious use of these staging systems is recommended, particularly in advanced-

stage patients, for assessing treatment response and predicting survival (AJCC Cancer 

Staging Manual, 8th Ed., 2018). 

 

Today, staging has become a multidimensional tool that predicts not only the 

extent of cancer spread but also the biological behavior of the tumor, its response to 

treatment, and long-term survival. Therefore, the combined use of anatomical and 

prognostic staging systems represents a current and effective approach to breast cancer 

management (AJCC Cancer Staging Manual, 8th Ed., 2018). 

 

2.5.4.1. Anatomical TNM Staging 

The anatomic TNM staging system (Table 2.7) is a globally accepted 

classification method that categorizes cancer based on the primary tumor's size and 

extent of invasion (T), involvement of regional lymph nodes (N), and the presence of 

distant metastases (M). This classification is critical for both diagnosis and treatment 

planning (Lian et al., 2021). 
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Table 2.7. T, N, and M Categories: Definitions and Subgroups (Sun et al., 

2020). 

Category Definition and Subgroups 

T (Tumor) Tis (in situ), T1 (≤2cm subcategories), T2 (>2 ≤5cm), T3 (>5cm), T4 

(skin/chest wall invasion and subgroups: T4a-d) 

N (Lymph nodes) N0 (absent), N1 (mobile ipsilateral axillary I-II), N2 (fixed/matted 

axillary or IM), N3 (infraclavicular, supraclavicular, IM + axillary) 

M (Metastasis) M0 (absent), M1 (distant metastasis) 

 

The T-Category defines the primary tumor size and local soft tissue/skin/chest 

wall invasion: it ranges from Tis (in situ) to T4d (inflammatory breast cancer) 

subtypes. For example, T1c tumors are between 10–20 mm and do not contain 

invasion; in the T4 classification, the tumor is subclassified based on chest wall or skin 

invasion (Sun et al., 2020). 

 

The N-Category indicates whether metastases are present in the axillary, 

supraclavicular, or internal mammary nodes. N0 indicates no nodal involvement, N1 

indicates mobile axillary nodal involvement, and N3 indicates fixed nodes with 

supraclavicular and/or internal mammary metastases. The M-Category defines the 

presence of distant metastases: M0 indicates no metastasis, while M1 indicates the 

presence of distant metastases, either clinically or histologically. TNM classifies 

combinations from stage 0 to stage IV; for example, Stage I: T1N0M0; Stage III: T3 

and/or N2 or T4N0–2M0; Stage IV: any T, any N, or M1 (Wikipedia TNM system, 

2024). It is important to note that the staging model uses only anatomical criteria and 

does not include biological markers (ER, PR, HER2, grade) (Lian et al., 2021). 

 

Prognosis statistics by stage are as follows: 5-year survival for patients with 

Stage 0 and I is ~100%, Stage II is ~90%, Stage III is ~70%, and Stage IV is ~30% 

(SEER; VerywellHealth, 2023; Cancer Research UK, 2025). While these rates may 

vary across geographic regions and treatment periods, they provide a general clinical 

perspective (Laohavinij et al., 2013). A summary is shown in Table 2.8. 
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Table 2.8. Breast Cancer TNM Stages and Survival Rates (Laohavinij et al., 

2013). 

Stage TNM Definition (Examples) 
Approximate 5-

Year Survival Rate 

Stage 0 Tis, N0, M0 (in situ lesions) ~%100 

Stage I 
T1, N0, M0 (≤2cm, no nodal metastasis and distant 

metastasis) 
~%100 

Stage II T0–T2, N1, M0 or T2–T3, N0, M0 ~%90 

Stage III T3–T4, N1–N3, M0 (locally advanced disease) ~%70 

Stage IV Her T, Her N, M1 (there is distant organ metastasis) ~%30 

 

 

Clinical staging (cTNM) is based on the patient's physical examination findings 

at the time of diagnosis, imaging studies (mammography, ultrasonography, MRI), and 

biopsy results. In this staging, the cT, cN, and cM categories, denoted by the prefix "c" 

(clinical), are the first tools for assessing anatomic spread. For example, mobile, fixed, 

or internal mammary node involvement of the axillary and supraclavicular lymph 

nodes is classified as cN1–cN3 (AJR, 2020). Clinical staging is critical for prognostic 

assessment and treatment strategy during the initial stage when surgical and 

neoadjuvant treatment decisions are made (AJCC 8th edition, 2018). 

 

Pathological staging (pTNM) is determined by histopathological examination 

of tissue samples obtained after surgery; the "p" prefix reflects pathologically 

confirmed tumor size (pT), nodal involvement (pN), and metastatic status (pM). 

Compared to cTNM, it provides a more precise definition of anatomic stage, making 

pathology the gold standard for prognostic assessment. Additionally, additional 

parameters such as residual tumor burden, number of nodal metastases, and 

histological grade increase the accuracy of this staging (Lian et al., 2021). 

 

In patients undergoing neoadjuvant (pre-treatment) systemic therapy, restaging 

is performed based on pathological data obtained through surgery after treatment 

(ypTNM); the prefix "yp" ("y" = after therapy) is used in this category. Residual tumor 

size (ypT), nodal involvement (ypN), and metastatic status (ypM) are evaluated, and 

the patient is reclassified according to their response to treatment. Nodal status is 
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particularly prognostic after nAC, and the presence of residual nodal metastases 

(ypN+) significantly negatively impacts survival (5-year OS: ~83.3% vs. ypN0: 

~91%). Furthermore, patients with pCR (pathologic complete response, ypT0/is ypN0) 

at this stage have a similar high prognosis to cases with noninvasive residual DCIS, 

with restaging to TNM categories. Post-neoadjuvant staging resulted in downstaging 

in approximately 24% (45/185) of patients (Bachawal et al., 2013). 

 

            2.5.4.2. Prognostic Staging: AJCC 8th Edition Innovation 

The 8th edition of the AJCC (published in 2018) significantly evolved breast 

cancer staging by integrating not only anatomic TNM criteria but also biomarkers 

(e.g., tumor grade, hormone receptor status ER/PR, HER2 expression) and, in some 

clinical settings, multigene expression panels (e.g., OncotypeDX. This new approach 

allows for the recognition of important prognostic differences among patients with 

similar anatomic stages and adds greater accuracy to treatment planning and survival 

prediction (I. Kim et al., 2018). 

 

Histologic grade is a measure of how well differentiated a tumor is and is 

classified in the R0–R3 format using the Nottingham-modified Scarff–Bloom–

Richardson system. Grade is a strong prognostic factor that determines survival 

independently of, and not only with, TNM parameters (Lian et al., 2021).. 

 

ER and PR-positive tumors generally respond well to hormonal therapies; 

while HER2-positive tumors, despite their more aggressive course, have significantly 

improved prognoses with anti-HER2 therapies. The 8th edition of the AJCC mandated 

the assessment of these biomarkers for all invasive breast cancers (PMC abstract, 

2018^4; Kosaka et al., 2017^3) (Mittendorf et al., 2018). 

 

Incorporating the Oncotype DX score into prognostic staging is recommended 

in certain clinical scenarios, particularly for T1-T2N0, ER-positive, and HER2-

negative patients. For example, early-stage patients defined as having an RS < 11 can 

be classified as pathological prognostic stage I-A, regardless of anatomic stage. This 

information makes chemotherapy decisions more objective (Mittendorf et al., 2018). 
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Studies show that prognostic staging leads to upstaging or downstaging in 

approximately 30% of patients (Sopin et al., 2019^2). Prognostic stage grouping 

demonstrates higher prognostic sensitivity than traditional anatomic staging (C-index 

≈0.84 vs. 0.74; lower AIC), making it a more powerful tool for clinical decision 

support systems (Kim et al., 2018^1; Sopin et al., 2019^2). 

 

This system plays a crucial role in treatment decisions, particularly for patients 

with ER+/HER2− subtypes. For example, while most patients with Oncotype <11 are 

successfully managed with hormonal therapy, treatment strategies, such as 

chemotherapy recommendations, are more clearly defined in patients with a high RR 

(data such as those from the TAILORx study^2). Additionally, prognostic staging in 

triple-negative or high-grade tumors may predict that a more aggressive approach will 

be required (I. Kim et al., 2018). 

 

2.5.4.3. Classification of Histological Subtypes 

The histological classification of breast cancer is based on guidelines published 

by the WHO and systematically defines both in situ and invasive tumor subtypes; this 

classification plays a fundamental role in diagnostic accuracy, prognostic assessment, 

and treatment decisions. With the updates included in the 5th WHO edition, in addition 

to the classic ductal and lobular types, metaplastic, apocrine, medullary, 

micropapillary, mucinous, tubular, cribriform, papillary, and other rare types are 

further defined under separate categories. Each of these subtypes has distinct clinical 

courses and survival outcomes, based on their microscopic margins, cellular 

characteristics, and immunophenotypes (Cserni, 2020). 

 

Ductal carcinoma in situ (DCIS) is defined by its subtypes, including 

micropapillary, comedo, cribriform, and papillary. The risk of recurrence varies 

depending on the grade; the rate of progression to invasive disease is significantly 

higher after high-grade DCIS. Lobular carcinoma in situ (LCIS) is characterized by 

both pleomorphic and classic subtypes; pleomorphic LCIS is a more aggressive form 

with a risk of invasive development (Cserni, 2020). 

 

The most common subtype, invasive ductal carcinoma no special type (IDC-

NST), accounts for approximately 75–80% of invasive breast cancers and comprises a 
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highly biologically heterogeneous group (Li, 2010). Invasive lobular carcinoma (ILC), 

the second most common subtype, is characterized by E-cadherin loss, single-row 

infiltration, and a segmental targetoid structure and includes lower-grade, ER/PR-

positive cases with a good prognosis. The five-year survival rate for ILC has been 

reported to be approximately 85%. 

 

Tubular, cribriform, and mucinous (colloid) carcinomas are generally ER/PR 

positive, low-proliferating, and Grade 1, with a very good medical prognosis (Cserni, 

2020). Micropapillary carcinoma, however, is an aggressive subtype with a high rate 

of lymphatic invasion and generally exhibits a luminal B phenotype (Kim Koreya 

study, 2020). Medullary carcinoma is less common and may have a triple-negative 

immunophenotype, but due to intense lymphocytic infiltration and good chemotherapy 

response, it exhibits better survival rates, with an absolute mortality risk of up to 50% 

reduced compared to IDC (Li, 2010). Metaplastic carcinoma is very rare and triple-

negative, and tumors with spindle cell or matrix-producing subforms are reported to 

be associated with a high grade and poor prognosis (Cserni, 2020). 

 

Apocrine carcinoma is a rare but potential therapeutic target subtype that is 

ER/PR negative, AR positive, and sometimes HER2 positive (Wikipedia‑apocrine, 

2024). Neuroendocrine carcinoma, defined by synaptophysin and chromogranin A 

positivity, is rare but warrants clinical attention for specific treatment approaches. The 

5th WHO edition defined these rare types in separate categories and recommended 

stratification based on the clinical characteristics of each (Cserni, 2020). 

 

Retrospective analyses using SEER data have shown that mucinous, tubular, 

and medullary carcinomas carry a 31–79% lower mortality risk compared to IDC-

NST. In contrast, inflammatory breast cancer is among the most prognostically 

unfavorable types, with a 50–53% increased mortality risk depending on age (Li, 

2010). Kim et al.'s study in a Korean database found that specific histologic types had 

similar overall survival rates to benign NST, but the medullary type had a better 

prognosis, while the metaplastic type had a worse prognosis (Kim et al., 2020). 

 

Correlating histological classifications with molecular subtypes is also 

important for prognostic assessment. For example, tubular, cribriform, and mucinous 
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types overlap with the luminal A-like immunophenotype, while medullary and 

metaplastic types generally fall into the basal-like/triple-negative classification (Kim 

et al., 2020). Such overlapping patterns directly impact clinical practice in terms of 

effective classification and targeted approaches in treatment planning. 

 

2.5.5. Breast Cancer Treatment Methods 

Breast cancer is one of the most commonly diagnosed malignant tumors in 

women globally and ranks among the primary causes of illness and death. The 

biological and clinical heterogeneity of the disease necessitates the implementation of 

multidisciplinary and individualized approaches in the treatment. Treatment 

modalities primarily consist of surgery, radiotherapy, and systemic treatments, and the 

combination of these methods is determined by the disease stage, molecular subtype, 

and patient-specific factors (Waks & Winer, 2019). 

 

Today, the identification of molecular markers, particularly estrogen and 

progesterone receptors and HER2 status, plays a decisive role in treatment planning 

(Smith et al., 2014). While hormonal therapies constitute the primary systemic 

treatment method for hormone receptor-positive tumors, targeted agents have yielded 

significant improvements in survival in HER2-positive patients (Han & Wei, 2025). 

Additionally, treatment algorithms for triple-negative breast cancer are expanding with 

the addition of new agents such as immunotherapy or PARP inhibitors to 

chemotherapy (Barchiesi et al., 2021). 

 

This study details breast cancer treatment approaches under the headings of 

surgery, radiotherapy, and systemic therapy, and aims to comprehensively evaluate the 

efficacy, indications, and limitations of each method in light of clinical evidence and 

current guidelines. Figure 2.11 shows the scheme of the topics to be examined (Leclerc 

et al., 2016).   
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Figure 2.5. Schematic Image of Breast Cancer Treatment Methods 

 

2.5.5.1. Surgical Treatments 

Breast cancer is the most frequently diagnosed malignancy among women 

worldwide and constitutes a significant public health challenge owing to its elevated 

morbidity and mortality rates. With evolving diagnostic methods, early-stage detection 

rates have increased, leading to more preventative, functional, and patient-centered 

surgical treatment approaches. Surgical intervention is the most fundamental treatment 

step in achieving local tumor control, and the type of surgical method chosen is directly 

related to the tumor's stage, location, biological characteristics, and individual patient 

preferences (Sung et al., 2021). 

 

Today, surgical approaches have evolved from radical methods such as 

modified radical mastectomy to more conservative options such as nipple-sparing 

mastectomy and breast-conserving surgery. These methods are supported by 

systematic reviews and multicenter randomized controlled trials in terms of both 

oncological safety and aesthetic outcomes. In addition, axillary surgery is performed 

with less invasive techniques such as sentinel lymph node biopsy instead of classical 

dissection; this reduces postoperative complications and improves the quality of life 

of patients (Si et al., 2025). 
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Table 2.9. Overview of Surgical Options in Breast Cancer Treatment. 

Surgical Method Indication Oncological Safety 
Aesthetics / 

Morbidity 

Lumpectomy + 

Radiotherapy 

Early stage, well-

differentiated 

tumors 

OS ≈ mastectomy, 

low local recurrence 

Aesthetic goodness, 

low morbidity 

SSLNB 
Node-negative 

patients 

OS and EFS are 

similar, lymphedema 

risk is low 

Morbidity decreases 

NSM 
Selected early-

stage cases 

Local recurrence 

≈5%, OS ~96% 

Aesthetic satisfaction 

is high, complications 

are ~22% 

 

 

Breast Conserving Surgery (Lumpectomy) 

Breast-conserving surgery offers survival comparable to mastectomy in 

patients with early-stage invasive disease, and local control is effective when 

supported by radiotherapy (Fisher et al., 2002). Based on 20-year follow-up data from 

the NSABP B-06 trial, the ipsilateral recurrence rate was 14.3% in the lumpectomy 

plus radiotherapy group, compared to 39.2% in the lumpectomy-only group, while 

overall survival rates showed no significant difference between the two groups (Fisher 

et al., 2002). A 12-year update also found no difference in the core survival data (Fisher 

et al., 1995). 

 

Sentinel Lymph Node Biopsy (SLNB) and Axillary Dissection 

Sentinel lymph node biopsy is preferred over axillary dissection in patients 

with node-negative early-stage breast cancer and significantly reduces surgical 

morbidity, particularly the rate of lymphedema. In a randomized trial with 15 years of 

follow-up, overall survival and e-freelive survival rates in the SLNB-referred patient 

group were similar to those in the axillary dissection group (OS 82.0% in the SLNB 

arm; 78.8% in the ALND arm; p = 0.502) (Agha et al., 2019). 
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Comparison of Mastectomy and Its Types 

Surgical interventions are among the primary treatment approaches for breast 

cancer treatment, aiming to achieve local tumor control and improve survival. Breast-

conserving surgery remains the preferred treatment for early-stage lesions; however, 

mastectomy is also indicated, especially in cases of multifocal tumors, a high tumor-

to-breast size ratio, or according to patient choice. Mastectomy methods have 

diversified, considering cosmetic and functional outcomes as well as oncological 

safety, paving the way for the development of more conservative techniques over time 

(Agha et al., 2019). 

 

Current mastectomy types include modified radical mastectomy, skin-sparing 

mastectomy, nipple-sparing mastectomy, and subcutaneous mastectomy, each selected 

based on specific clinical characteristics (Clarijs et al., 2023). The effectiveness of 

these surgical techniques has been evaluated in numerous randomized controlled trials 

and observational studies, and comparisons have been made regarding local recurrence 

rates, survival data, and complication profiles (Agha et al., 2019). 

 

 

• Modified Radical Mastectomy (MRM): MRM is the standard surgery in 

which all breast tissue and axillary lymph nodes are removed; it is preferred 

especially in multicentric or large lesions and provides long-term local control 

(Holland & Fisher, 2006). 

• Nipple‑Sparing Mastectomy (NSM): Nipple-sparing mastectomy (NSM) is 

a surgical technique that facilitates reconstruction by preserving the nipple-

areola complex and is considered oncologically safe when patients are 

appropriately selected. According to the results of a study including 1989 

patients from Italy, 5-year overall survival in invasive cases was reported as 

96.1%, local recurrence rate as 5.3%, and NAC recurrence rate as 1.8% 

(Galimberti et al., 2018). In a systematic review analysis, the local recurrence 

rate was 5.4%, NAC recurrence rate as 1.3%, and distant metastasis rate as 

4.8% (Zaborowski et al., 2023). A meta-analysis revealed no statistically 

significant differences between nipple-sparing mastectomy (NSM) and 

conventional mastectomy regarding overall survival (OS), disease-free 

survival (DFS), and local recurrence rates (0.4% local recurrence difference; 
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p>0.05) . The complication rate of NSM is reported as approximately 22.6%; 

This is largely due to local complications such as nipple necrosis. However, 

the aesthetic satisfaction rate is higher than with SSM (De La Cruz et al., 2015). 

• Skin‑Sparing Mastectomy (SSM): Skin-sparing mastectomy involves 

preserving a significant amount of skin tissue during the removal of breast 

tissue, which can result in more aesthetically pleasing and natural-looking 

reconstructions. Multicenter meta-analyses have shown no significant 

difference in local recurrence and survival between SSM and modified radical 

mastectomy. For example, in a study of 3,700 patients, the local recurrence rate 

was 6.2% for MRM and 4.0% for SSM, with no statistically significant 

difference (OR = 1.25; 95% CI 0.81–1.94) (De La Cruz et al., 2015). 

• Protokeratic Mastectomy and Radical Mastectomy: While historically 

used, radical mastectomy (Halsted) removes extensive tissue, including the 

chest muscles, it is no longer preferred today unless the tumor has invaded the 

chest muscles. With the development of modern surgery, this radical approach 

has been limited to select patients requiring only chest wall intervention 

(Magnoni et al., 2021). 

• Subcutaneous (Skin-Sparing) Mastectomy and Reconstruction: 

Subcutaneous mastectomy or cosmetic flat mastectomy options can be 

performed without nipple removal or with minimal tissue preservation. These 

surgeries meet the aesthetic and psychosocial needs of patients by allowing 

simultaneous reconstruction with implants or autogenous tissue. Prepectoral 

implant placement, in particular, has been shown in some studies to be 

associated with lower postoperative pain and functional morbidity (Magnoni 

et al., 2021). 

 

2.5.5.2. Radiotherapy 

            Radiotherapy is widely used as adjuvant therapy after breast-conserving 

surgery; this strategy significantly reduces the rate of ipsilateral local breast recurrence 

and improves overall survival. The standard whole-breast irradiation (WBI) treatment 

plan typically delivers a total dose of 45–50 Gy in fractions lasting 5–7 weeks, 

maintaining local control and maintaining cosmetic results (Mukesh et al., 2016). 
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Approximately one-third of patients experience acute skin toxicities (e.g., 

moist dermatitis, hyperpigmentation) after Whole-Breast Irradiation (WBI); these side 

effects can lead to a decreased quality of life. Intensity-modulated radiotherapy 

(IMRT) techniques provide more precise dose distribution to the target volume, reduce 

normal tissue exposure, and significantly reduce acute toxicity rates (Hickey et al., 

n.d.). 

 

In selected early-stage patients undergoing lumpectomy, Accelerated Partial 

Breast Irradiation (APBI) methods have been developed that focus solely on the tumor 

bed and surrounding area; these approaches significantly reduce treatment time and 

improve cosmetic outcomes (Hickey et al., 2016). 

 

Intraoperative Radiotherapy (IORT), which can be administered as a single 

dose during surgery, is particularly effective in low-risk, early-stage cases, and long-

term local control rates are comparable to WBI. The TARGIT-A randomized clinical 

trial demonstrated that single-dose targeted intraoperative radiotherapy (TARGIT-

IORT) during lumpectomy in early-stage breast cancer patients provided comparable 

long-term local control and survival outcomes to conventional whole breast external 

beam radiation therapy (EBRT). Furthermore, lower mortality from other causes was 

reported in the TARGIT-IORT group. These findings support the idea that TARGIT-

IORT is an effective and safe treatment option with appropriate patient selection 

(Vaidya et al., 2020). Conversely, the ELIOT study reported a higher risk of recurrence 

and reported a higher rate of local recurrence in the IORT group (Veronesi et al., 2013). 

 

The combination of fractionated radiotherapy with Volumetric Modulated Arc 

Therapy (VMAT) and Deep Inspiration Breath Hold (DIBH) significantly reduces 

cardiac dose, particularly in patients with left-sided breast cancer; in a retrospective 

study, cardiac dose was reduced from 2.8 Gy to 1.8 Gy (Tamburella et al., 2019). While 

randomized clinical data on the use of these techniques are still limited, their 

dosimetric advantages have been clearly demonstrated. 
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2.5.5.3. Chemotherapy 

            Breast cancer is one of the most common malignant neoplasms in women and 

a significant cause of cancer-related deaths worldwide (Waks & Winer, 2019). In the 

systemic management of this disease, chemotherapy is administered with either 

curative or palliative objectives, contingent upon the disease stage and the tumor's 

biological characteristics. Chemotherapeutic agents target rapidly dividing cancer 

cells, disrupting the cell cycle and inducing apoptosis, thus aiming to reduce tumor 

burden (Cortazar et al., 2014). 

 

In early-stage breast cancer, chemotherapy administered adjuvantly after surgery 

eliminates micrometastatic disease and prolongs disease-free survival (Thomssen et 

al., 2021). Additionally, preoperative neoadjuvant chemotherapy has the potential to 

decrease tumor size, thereby enhancing the feasibility of breast-conserving surgery  

(Cortazar et al., 2014). In advanced or metastatic disease, chemotherapy is 

administered as a palliative approach to slow disease progression and improve quality 

of life (Waks & Winer, 2019). 

 

Chemotherapy regimens generally include anthracyclines, taxanes, alkylating 

agents, and antimetabolites. Treatment selection is made based on the tumor's 

molecular subtype (e.g., hormone receptor status or HER2 expression) and the patient's 

clinical condition (Anampa et al., 2015). Furthermore, genomic testing and biomarkers 

allow the identification of patient groups with high sensitivity to chemotherapy, thus 

minimizing the risk of unnecessary toxicity survival (Thomssen et al., 2021). 

 

Today, chemotherapy in breast cancer has become part of an integrated, 

individualized treatment strategy that includes hormonotherapy, targeted therapies, 

and immunotherapy, rather than a stand-alone treatment approach (Waks & Winer, 

2019). 

 

Chemotherapy drugs are cytotoxic agents used to inhibit the proliferation of 

cancer cells or eliminate them through apoptosis. These drugs are classified according 

to their chemical structures and intracellular targets and used in different treatment 

strategies. Classification is based on the drugs' effects on the cell cycle and their 

molecular targets (Tacar et al., 2013). 
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• Alkylating Agents: This group of drugs alkylates DNA, creating cross-links 

between base pairs and inhibiting replication. They can be effective at any 

stage of the cell cycle. The most common agents include cyclophosphamide, 

ifosfamide, and busulfan. These agents induce cell death by causing DNA 

damage, particularly in rapidly dividing cells (Kondo et al., 2010). 

• Antimetabolites: Antimetabolites are compounds that are structurally similar 

to the cell's normal metabolites and act by disrupting nucleic acid synthesis. 

This group includes pyrimidine (e.g., 5-fluorouracil), purine (e.g., 6-

mercaptopurine), and folate antagonists (e.g., methotrexate). They generally 

act in the S phase (Thomas & Zalcberg, 1998). 

• Natural Products (Plant-Derived Agents): Plant-derived chemotherapy 

drugs disrupt mitosis by affecting the cytoskeleton and mitotic spindle fibers. 

Vinca alkaloids (e.g., vinblastine, vinorelbine) inhibit microtubule 

polymerization, while taxanes (e.g., paclitaxel, docetaxel) prevent microtubule 

depolymerization. These agents are generally effective in the M phase (Jordan 

& Wilson, 2004). 

• Antibiotic-Derived Antineoplastics: This group is of bacterial origin and acts 

by intercalating into DNA. Anthracyclines (e.g., doxorubicin, daunorubicin) 

act as topoisomerase II inhibitors, halting DNA replication and causing cell 

damage through free radical production (Minotti et al., 2004). 

• Topoisomerase Inhibitors: Topoisomerase I inhibitors (e.g., topotecan, 

irinotecan) and topoisomerase II inhibitors (e.g., etoposide) disrupt the 

supercoiling structure of DNA, interfering with transcription and replication. 

These inhibitors are not specific to the cell cycle but are more effective in the 

S and G2 phases (Pommier, 2006). 

• Platinum Compounds: Agents such as cisplatin, carboplatin, and oxaliplatin 

inhibit replication by forming covalent bonds between DNA strands. They 

function similarly to alkylating agents but have a different chemical structure. 

They are widely used, particularly in the treatment of solid tumors (D. Wang 

& Lippard, 2005). 

 



44 

 

            These drug groups act at different stages of the cell cycle, allowing for selective 

targeting of cancer cells (Table 2.10). However, dose adjustments must be made with 

caution, given that these agents can also affect healthy cells. 

 

Table 2.10. FDA-Approved Breast Cancer Drugs (Chaurasia et al., 2023). 
 

Drug / Combination FDA Approval Indication 

Fam-trastuzumab 

deruxtecan-nxki 

(Enhertu) 

December 2019 (HER2 

positive); August 2022 

(HER2 low/ultra low) 

Metastatic or inoperable 

HER2-positive and HER2-

low breast cancer 

Trastuzumab 

emtansine (T-DM1; 

Kadcyla) 

February 2013 

(metastatic); May 2019 

(adjuvant) 

Adjuvant therapy for HER2-

positive metastatic and post-

neoadjuvant residual disease 

Abemaciclib 

(Verzenio) 

October 2021 (adjuvant); 

March 2023 (expanded 

approval) 

HR positive, HER2 negative 

early stage high-risk breast 

cancer 

Sacituzumab 

govitecan-hziy 

(Trodelvy) 

April 2021 (TNBC); 

February 2023 (HR 

positive HER2 negative) 

Metastatic triple-negative 

and HR-positive HER2-

negative breast cancer 

Elacestrant (Orserdu) January 2023 

ESR1-mutated, ER-positive, 

HER2-negative metastatic 

breast cancer 

Inavolisib 

Palbociclib Fulvestrant 
October 2024 

PIK3CA-mutated, HR-

positive, HER2-negative 

advanced breast cancer 

 

            Chemotherapy in breast cancer treatment is administered in combination 

regimens tailored to the stage of the disease, its biological characteristics, and patient-

specific risk factors. These regimens can be designed for curative 

(adjuvant/neoadjuvant) or palliative (metastatic) purposes and are often combined to 

take advantage of the synergistic effects of different agents. 

 

One of the most commonly used regimens in early-stage breast cancer is the 

AC (doxorubicin + cyclophosphamide) regimen. This regimen is usually administered 
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sequentially (AC→T) with a taxane (paclitaxel or docetaxel) and is particularly 

preferred in node-positive or high-risk patients. The beneficial effects of this approach 

on disease-free survival (DFS) and overall survival (OS) are well documented (Chen 

et al., 2021). 

 

The TC regimen (docetaxel + cyclophosphamide) is a safe alternative in 

patients at risk of cardiotoxicity due to its lack of anthracyclines. However, 

chemotherapy is often combined with anti-HER2 agents in HER2-positive tumors. In 

this context, TCH (docetaxel + carboplatin + trastuzumab) and its more potent version, 

TCHP (with the addition of trastuzumab + pertuzumab), are standard neoadjuvant 

options for HER2-positive early-stage breast cancer. Classic combinations such as 

CMF (cyclophosphamide + methotrexate + 5-FU) are still used in select cases for less 

aggressive tumors or in elderly and frail patients. In addition, anthracycline-based 

regimens such as CAF (cyclophosphamide + doxorubicin + 5-FU) or FEC (alternation 

with epirubicin), which are common in European countries, continue to be used as 

adjuvant or neoadjuvant in selected cases (Cardoso et al., 2019). 

 

            In metastatic breast cancer, treatment is generally tailored to the biological 

subtype of the disease, response to treatment, and the patient's performance status. 

Among the regimens used for this purpose, the combination of capecitabine and 

docetaxel (oral and intravenous agents) offers the advantage of reducing 

hospitalization. The choice of chemotherapy combinations is individualized not only 

according to tumor biology but also according to the toxicity profile and patient 

preference, thus aiming for maximum therapeutic effect (Morishita & Leonard, 2008). 

 

 

2.5.5.4. Hormone Therapy 

            A significant subgroup of breast cancer is comprised of estrogen and/or 

progesterone receptor-positive (HR+) tumors. Because the growth of these tumors 

depends on the effects of steroid hormones, hormone therapy (endocrine therapy) is 

one of the primary treatment strategies for these patients. The primary goal of hormone 

therapy is to block hormone receptors on tumor cells or suppress endogenous hormone 

production, thereby inhibiting tumor proliferation (Johnston & Dowsett, 2003). 
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            Hormone therapy is planned differently depending on menopausal status. The 

standard treatment protocol for premenopausal women generally includes selective 

estrogen receptor modulators (SERMs) such as tamoxifen, while aromatase 

inhibitors— including letrozole, anastrozole, and exemestane—are preferred for 

postmenopausal patients. Aromatase inhibitors reduce systemic estrogen levels by 

inhibiting estrogen synthesis from adrenal androstenedione (Early Breast Cancer 

Trialists’ Collaborative Group (Early Breast Cancer Trialists’ Collaborative Group 

(EBCTCG), 2015). 

 

            Tamoxifen acts by competitively blocking the effects of estrogen and has 

proven particularly effective in premenopausal patients. Tamoxifen use for up to five 

years significantly reduces the risk of recurrence and death. This treatment can be 

combined with ovarian function suppression; this combination has been shown to be 

more effective in high-risk young patients (Francis et al., 2018). 

 

In postmenopausal patients, aromatase inhibitors are more effective than 

tamoxifen. Five years of aromatase inhibitor treatment reduces both local recurrence 

and distant metastasis rates and improves long-term survival (Bekes & Huober, 2023). 

Furthermore, some studies have shown sequential treatment regimens, starting with 

tamoxifen and then switching to an aromatase inhibitor, to be an effective alternative 

(Dowsett et al., 2010). 

 

            Hormone therapy is also the primary systemic approach in metastatic hormone 

receptor-positive (HR+) patients. In recent years, hormone therapy combined with 

CDK4/6 inhibitors (palbociclib, ribociclib, abemaciclib) has significantly prolonged 

progression-free survival (Finn et al., 2016). This combination is considered a major 

advance, particularly in preventing endocrine resistance. 

 

In conclusion, hormone therapy is an essential treatment modality for both 

early-stage and metastatic disease in HR+ breast cancer. Creating individualized 

treatment plans that consider menopausal status, disease risk, and treatment tolerability 

is crucial for maximizing clinical benefit. 
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CHAPTER III. MATERIALS AND METHODS 

 

This theoretical investigation aimed to thoroughly analyze the receptors 

implicated in breast cancer pathogenesis, placing special emphasis on the human 

epidermal growth factor receptor 2 (HER2) within the framework of ligand binding. 

In this context, a comprehensive modeling process was conducted using high-

computational capacity computer simulations. The primary focus of the study was the 

structural analysis of HER2 receptors and their interactions. Detailed structural 

analyses of the receptors were performed using the 5MY6 (D’Huyvetter et al., 2017), 

7PCD (Wilding et al., 2022), and 8U8X (Hicken et al., 2024) gene sequences obtained 

from the Protein Data Bank (PDB). 

 

The study investigated four important biomolecules that interact with HER2: 

docosahexaenoic acid (DHA) and eicosapentaenoic acid (EPA). Various 

computational chemistry and bioinformatics techniques were used to analyze the 

effects of these components, derived from krill oil, at the molecular level. The binding 

sites and affinities of DHA and EPA for the HER2 receptor were predicted using 

Molecular Dynamics Simulation (MDS). Simulations were performed to assess the 

dynamic behavior of ligand-receptor interactions, and the stability of these interactions 

was monitored. 

 

Literature searches indicate that anticancer peptides and components such as 

DHA and EPA in krill oil have growth-suppressing effects on cancer cells (Jayathilake 

et al., 2016). In this context, the molecular formulas and structural properties of DHA 

and EPA were obtained from the PubChem database. In computational analyses, the 

biological activity and IC50 values of DHA and EPA against HER2 receptors were 

evaluated using the PubChem and ChEMBL databases. These assessments provide 

critical information for understanding the binding affinities of ligands to their target 

receptors and their effects on cancer. 

 

Furthermore, biochemical and biological data related to ligands and receptors 

were obtained from the UniProtKB database. This database provides comprehensive 

information on the functions, structural motifs, and biochemical properties of proteins 

associated with HER2 receptors. During the research process, the structures coded 
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7PCD, 5MY6, and 8U8X in the RCSB PDB database were compared with literature 

reviews on breast cancer, and previous experimental studies were considered. 

 

In this study, potential ligands with low IC50 values were identified through 

literature searches in clinical databases and ChEMBL. To more accurately simulate 

ligand-receptor interactions, extensive modeling was performed in the presence of 

environmental factors such as water molecules and ions. For each receptor, 54 drugs 

were selected and docking was performed, and the binding energies of the ligands were 

calculated in kcal/mol. Based on the obtained data, the ligands with the lowest binding 

energies were identified and subjected to further analysis. 

 

To evaluate receptor-ligand interactions at the molecular level, both the 

receptor and the ligand were optimized using AutoDock Vina software. This 

optimization is highly effective in evaluating potential inhibitors by calculating 

binding positions, orientations, and predicted binding energies. Its high-speed and 

precise algorithm makes it a preferred choice in drug discovery (Trott & Olson, 2010). 

The simulations were supplemented with Molecular Dynamics Simulations (MDS) 

performed with GROMACS software, specifically to investigate the dynamic behavior 

of protein-ligand complexes. These simulations were used to understand the motion of 

ligands on proteins and the structural stability they achieve over time (Hollingsworth 

& Dror, 2018). 

 

The high computing power required for the simulations was provided by the 

National Center for High-Performance Computing (UHeM). This center's high-

performance computing infrastructure enabled the simulations to be run efficiently. 
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5MY6 

 

7PCD 

 

8U8X 

Figure 3.1. 3D image of 5MY6, 7PCD and 8U8X receptors obtained from 

Protein Data Bank. 
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Following MDS, various analyses were performed to further investigate the 

dynamic behavior of the system and the stability of ligand-receptor interactions. These 

analyses included metrics such as RMSD (Root Mean Square Deviation), RMSF (Root 

Mean Square Fluctuation), Hydrogen Bond Analysis, and Radius of Gyration (Rg). 

These analyses reveal the electron distributions and reactivity potentials of ligands at 

the interaction sites on the protein (Calais, 1993). Thus, how ligands interact with 

receptors at the molecular level, in terms of binding energies and electronic properties 

at the interaction sites, was comprehensively elucidated (Lemkul, 2024). 

 

3.1 Code Selection 

In this study, two natural compounds were selected as ligands for use in 

molecular docking analyses. Eicosapentaenoic acid (EPA) and docosahexaenoic acid 

(DHA) are derived from krill oil, a marine phospholipid source. The biological effects 

of these compounds are well documented in the literature, and the aim was to 

investigate their potential interactions with target proteins due to their anti-

inflammatory and antioxidant properties. Chembl and PubChem databases were used 

to obtain the applied structures of the selected structures (Table 2.11). 

 

Table 3.1. Receptor-ligand and drug codes. 
 

RECEPTOR DRUG LIGAND 

5MY6 

Lapatinib 

(CID: 208908) 

DHA (CID: 15608515) 

EPA (CID: 446284) 

7PCD 
DHA (CID: 15608515) 

EPA (CID: 446284) 

8U8X 
DHA (CID: 15608515) 

EPA (CID: 446284) 

 

3.2 Protein Preparation 

Crystal structures of 5MY6, 7PCD, and 8U8X, target proteins associated with 

breast cancer, were obtained from the RCSB Protein Data Bank (PDB) and 

preprocessed using AutoDock Tools prior to molecular docking. This process involved 

removing water molecules from the crystal structure, incorporating missing hydrogen 

atoms, and optimizing the binding site to make each protein structure suitable for 
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analysis. These structures were then stored in separate folders in a suitable format to 

facilitate the study of target protein-ligand interactions and to form the basis for 

subsequent molecular dynamics simulations. 

 

 

3.3. Ligand Preparation 

The 3D molecular structures of EPA and DHA were downloaded from the 

PubChem database in standard .sdf or .mol2 formats. These structures were optimized 

using Open Babel and AutoDock Tools (ADT) to address potential structural 

deficiencies (hydrogen addition, bond correction, energy minimization, etc.) before 

being converted to a format supported by AutoDock software. 

 

After determining the number of rotatable bonds for each ligand and defining 

the necessary flexibility, the ligand structures were saved in .pdbqt format to be 

compatible with AutoDock Vina. As a result of these processes, EPA and DHA 

derived from krill oil were prepared for molecular docking analyses with target 

proteins. 

 

 

3.4. Protein-Ligand Docking 

Molecular docking analyses were conducted using AutoDock Vina software to 

investigate potential interactions between the protein structures 5MY6, 7PCD, and 

8U8X and specific natural compounds. For each target protein, a three-dimensional 

grid box centered on the active site was defined, and the docking parameters were 

configured accordingly. AGFR software was used for this purpose. 

 

Following the docking simulations, the binding modes and affinities of the 

ligands with the active sites of the target proteins were evaluated. Based on the 

obtained data, the most suitable conformations of the ligands were determined, and the 

binding energies of these positions were calculated. Thus, the potential interaction 

profiles of the relevant compounds with the target proteins were revealed at the 

molecular level. 
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3.5. Molecular Docking Application with AutoDock Vina 

AutoDock Vina, widely used in molecular modeling and virtual screening, is  

powerful tools for predicting protein-ligand interactions. These software not only 

calculate the binding affinities of ligands to target proteins but also enable structural 

bioinformatics applications such as analyzing molecular surfaces, calculating 

hydrogen bonds, and visualizing secondary structure chains. These software, 

particularly widely used in inhibition-based drug discovery studies, offer effective 

computational approaches for predicting the binding modes of ligands with their 

protein targets. 

 

In this study, molecular docking analyses were performed on the structures of 

5MY6, 7PCD, and 8U8X, target protein receptors associated with breast cancer. The 

three-dimensional crystal structures of these receptors were obtained from the Protein 

Data Bank (RCSB PDB). To increase the reliability of the docking analyses, the grid 

box surrounding the binding site for each target protein was defined based on known 

active sites. The grid box center coordinates (x, y, z) and dimensions (size_x, size_y, 

size_z) were adjusted to completely encompass the potential binding pocket of the 

target protein (Table 2.12). 

 

To determine the most probable binding conformations, the configuration was 

adjusted to create 100 different binding modes for each ligand. The energy range 

parameter was set to 4 kcal/mol to allow comparison between binding energies. This 

allowed for a detailed analysis of the alternative binding positions that the ligands 

could exhibit against the target proteins (Table 2.12). 

 

Table 3.2. Area of the Grid box of the receptors with AGFR. 
RECEPTORS  5MY6 7PCD 8U8X 

center_x 7,436 8,226 -18,479 
center_y -33,204 -6,115 10,713 
center_z -41,119 -17,232 18,055 
size_x 17,250 22,500 18 
size_y 18 21 30 
size_z 19 36 23 

num modes = 100 
energy range = 4 
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Prior to docking, target proteins and ligands were converted to .pdbqt format 

to make them compatible with AutoDock Vina. Ligand structures were optimized 

based on their three-dimensional forms downloaded from the PubChem database. 

After energy minimization, rotary bonds were identified and Gasteiger charges were 

assigned to the ligandsIn the protein structures, water molecules and small cofactors 

were eliminated, polar hydrogen atoms were incorporated, and Kollman charges were 

assigned. These charges were calculated based on the AMBER force field, taking into 

account orbital electron densities, allowing for more accurate modeling of 

intermolecular electrostatic interactions. 

 

Following the preparation steps, docking simulations were run for each 

receptor-ligand pair using AutoDock Vina. Docking parameters were defined in a 

configuration file and the simulations were initiated. Vina generated multiple binding 

conformations for each ligand and calculated the binding affinities (in kcal/mol) 

corresponding to these positions. The positions with the lowest binding energy were 

considered to reflect the potentially strongest interaction and were subjected to detailed 

analysis. 

  

3.6. Molecular Dynamics Simulations with GROMACS 

GROMACS software was used to perform molecular dynamics (MD) 

simulations to understand the dynamic behavior of protein-ligand complexes in 

biological environments. Based on docking analyses, the complexes with the lowest 

binding energy were selected, and simulations were initiated on these complexes. The 

atomic types, three-dimensional integrity, and bond structures of the selected 

structures were examined in detail using UCSF Chimera software, and necessary 

corrections were made. 

 

After obtaining the ligand molecules from the PubChem database, structural 

energy minimization was applied and they were adapted for the simulation 

environment. After the protein and ligand structures were docking, coordinate 

information was determined, and the docking process was completed based on this 

information. The resulting complexes were saved as individual structures representing 

the best binding positions. 
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Topology and parameter files for the ligands were generated using the 

SwissParam tool to adapt small organic molecules to atomic force fields. These files 

include formats containing molecular structure information and force field parameters. 

Additionally, the necessary configuration files for use in protein-ligand simulations 

were obtained from open-source platforms and compiled. Polarized force fields were 

chosen to more realistically reflect the effects of the dielectric medium in the 

simulations, and a GROMACS-compatible force field such as CHARMM36 or 

CHARMM27 was selected. 

 

After preparing the topology files, a three-dimensional simulation box large 

enough to contain all the atoms of the protein-ligand complex was created. The system 

was solvated by adding a sufficient number of water molecules to this box. The water 

model used was TIP3P, a computationally efficient and widely used model. The edges 

of the simulation box were generally kept at a distance of 2 nanometers to accurately 

model the interactions between molecules. 

 

Following the solvation process, ion addition was performed to ensure the 

electrical neutrality of the system and lower its potential energy level. Following these 

preparatory steps, energy minimization was performed. This step is critical for 

eliminating high-energy conformations in the system and achieving a suitable initial 

conformation for simulationThe Particle Mesh Ewald (PME) method was employed 

to accurately compute long-range electrostatic interactions. 

 

Following energy minimization, the system's thermal and mechanical 

equilibrium was achieved. First, NVT equilibration was performed for temperature 

equilibrium under constant volume conditions. This stage ensured that the temperature 

stabilized over time, and the system was fixed at a specific temperature. Subsequently, 

NPT equilibration was performed under constant pressure conditions, allowing the 

system's volume to be dynamically changed, and the desired pressure was achieved. 

Both equilibration processes took approximately 100 picoseconds, and commonly 

used thermostat and barostat algorithms were used in these stages. 

 

Following the equilibrations, the system was prepared for molecular dynamics 

simulation, and the production phase began. During this production simulation, the 
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behavior of the protein-ligand complex was monitored over time, and the stability of 

the system was observed. Each simulation was planned to last approximately 50 

nanoseconds. Conformational changes, bond interactions, and energy profiles were 

recorded throughout the simulation. 

 

Once the simulation was completed, structural and dynamic analyses were 

performed using the obtained data. These analyses encompassed root mean square 

deviation (RMSD), root mean square fluctuation (RMSF), radius of gyration, 

hydrogen bond analysis, and energy calculations.. All of these analyses are crucial for 

assessing how protein-ligand interactions change over time and binding stability. 

 

Table 3.3. Ligand Parameterization Files and Configuration Data for 

GROMACS Protein Ligand Simulation (Welcome to the GROMACS Documentation! 

— GROMACS Documentation, n.d.). 

File Name Explanation 

LIG.mol2 

The format containing the three-dimensional structure of 

the ligand and atomic information is used in parametric 

transformation. 

LIG.pdb 
Structural file containing coordinate information of the 

ligand; compatible with GROMACS. 

LIG.itp 

The file containing the topology definitions for the ligand is 

required for the energy calculation of the system in 

GROMACS. 

LIG.rtf 
CHARMM contains force field specific ligand topology 

information. 

LIG.prm /LIG.par 
It contains parametric data such as atom types, bond lengths 

and angles. 

LIG.crd 
Contains coordinate data of the ligand in fixed format; used 

for position control in some systems. 
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LIG.psf 
File containing the full system topology in CHARMM 

format; defines the connections between atoms. 

EM.mdp 
It contains the control parameters required for energy 

minimization. 

NVT.mdp 
Parameter file used for temperature compensation at 

constant volume. 

NPT.mdp Used for pressure equilibration under constant pressure. 

MD.mdp 
Contains molecular dynamics simulation parameters during 

the production phase. 

ions.mdp It is the parameter file used when adding ions to the system. 

sort_mol2_bonds.pl 
It is a Perl script used to edit the bond information in ligand 

files. 

topol.top 
It is the main topology file that covers all molecules 

throughout the system. 

 

3.7. Molecular Dynamics Simulations (Protein-Ligand Complex) 
Analysis  

 

3.7.1. Pocket selection 

Cluster analysis was performed to identify the different conformational states 

of the protein-ligand complex. This allowed the structures obtained during the 

simulation to be grouped based on their structural similarities. The RMSD (Root Mean 

Square Change) value for each structure was calculated to create an RMSD matrix, 

and then representative squares from each group were selected based on the resulting 

clusters. This analysis allowed the identification of the dominant conformations of the 

system and the identification of meaningful representative structures for use in further 

structural studies. 

 

3.7.2. RMSD (Root Mean Square Deviation) 

Root Mean Square Deviation (RMSD) analysis was conducted to assess the 

temporal structural fluctuations of the protein-ligand complex. This analysis 

quantitatively reveals the extent to which the molecular structure deviates from its 

initial reference conformation during the dynamic simulation. It is a particularly 
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effective method for determining the differences between the predicted structures 

obtained after modeling and the actual structures obtained during the simulation. 

 

The RMSD value is defined as the root mean square difference between the 

atomic coordinates of the structure at each time step and the coordinates of the 

reference structure. This value is a key indicator for understanding the stability or 

conformational change of the system over time. In particular, this value is used to 

interpret whether proteins or complexes remain stable or undergo major structural 

transformations. 

 

RMSD is calculated using the following mathematical formula (Sargsyan et 

al., 2017): 

 

𝑅𝑀𝑆𝐷 = √∑ 𝑑𝑖2𝑁𝑖=1𝑁  

 

Here, N is the total number of equivalent atoms, di is the distance between 

atom, and i in the two structures. Calculations are generally performed using atoms 

belonging to the protein backbone (e.g., Cα atoms), as this region is more decisive in 

terms of structural stability. 

 

The resulting RMSD curve graphically represents the magnitude of the 

structural deviation against time. For example, a curve that exhibits high early 

fluctuations and then stabilizes may indicate that the system has reached a stable 

structure over time. Conversely, RMSD values that exhibit continuous increases or 

sudden changes indicate system instability or possible structural rearrangements. 

 

RMSD.xvg code: “gmx rms -s MD.tpr -f MD_noPBC.xtc -o rmsd.xvg -tu ns”  

 

 

3.7.3. RMSF (Root Mean Square Fluctuations) 

In molecular dynamics simulations, RMSF (Root Mean Square Fluctuation) 

analysis is one of the most important analysis methods used to understand the dynamic 
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behavior of a biomolecule, especially proteins. RMSF measures the degree of 

flexibility—the extent to which each atom or residue moves relative to a specific 

reference position—over time. This provides detailed structural information about 

which regions of the protein are more rigid and which are more flexible. 

 

Generally, low RMSF values indicate stable regions of the protein, while high 

RMSF values indicate regions with greater mobility or conformational changes. Such 

changes are most often observed in binding pockets, surface loops, terminals, or 

ligand-binding sites. RMSF analysis is critical for examining the structural changes 

that occur after binding, especially in the interaction regions of protein-ligand 

complexes (Pitera, 2014). 

 

𝑅𝑀𝑆𝐹 = √1𝑇∑[𝑟𝑗,𝑖 − 1𝑇∑𝑟𝑘,𝑖𝑇
𝑘=1 ]2𝑇

𝑗=1  

 

The RMSF expression represents the fluctuation, or mobility, of the atom in 

the simulation with respect to time. Here, rj,i denotes the position vector of the i-th 

atom at the j-th time step of the simulation, and ⟨ri⟩ denotes the average position of the 

same atom throughout the simulation. k is the counter used to sum the atom positions 

across all time steps to determine the average position. The total number of time steps 

is denoted by T. This formula provides a quantitative measure of local mobility and 

flexibility within the protein or molecule by calculating the extent to which each atom 

deviates from its mean position over time (Pitera, 2014). 

 

RMSF.xvg code: “gmx rmsf -s MD.tpr -f nojump.xtc -o rmsf.xvg”  

 

3.7.4. Hydrogen Bond Analysis (H-Bond) 

Hydrogen bonds (H-bonds) are critical forms of stabilization in protein-ligand 

complexes, particularly in the active site. During molecular dynamics simulations, the 

number and positions of these bonds over time play a significant role in determining 

the dynamic stability of the complex (Prasad & Chakraborty, 2022). 
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The quantity and locations of hydrogen bonds formed between the ligand and 

receptor groups were examined using the GROMACS gmx hbond command. Using 

default geometric criteria (donor-acceptor distance ≤0.35 nm, H–D–A angle ≤30°), the 

continuity and durability of the bonds were examined. 

 

hb.xvg: code running from the “gmx hbond -s MD.tpr -f nojump.xtc -num 

hb04.xvg -b 0 -e 4 -tu ns” to “gmx hbond -s MD.tpr -f nojump.xtc -num hb4650.xvg -

b 46.01     -e 50 -tu ns”  

 

3.7.5. Radius of Gyration (Rg) 

Radius of gyration (Rg) is a widely used measure to assess the structural 

integrity and compactness of a macromolecule, particularly proteins, in three-

dimensional space. This parameter is defined as the square root of the average squared 

distances of all atoms in a molecule from the center of mass. In other words, Rg 

quantifies how far the atoms surrounding the molecule are "spread out" relative to the 

center of mass. 

 

In molecular dynamics simulations, the Rg value is calculated over time to 

analyze conformational changes that occur in a protein's structural stability or 

compactness. It is a particularly important indicator for understanding how factors 

such as ligand binding, pH changes, or mutations affect the protein's folding structure 

(Theoretical Modeling of Nanostructured Formation in Polymer Blends | Request 

PDF, n.d.). 

mi is identical mass, 

ri is variable distance, 𝑅𝑔2 = ∑𝑚𝑖 𝑟𝑖2∑𝑚𝑖  

 

gyrate1.xvg code: “gmx gyrate -s MD.tpr -f nojump.xtc -o gyrate1.xvg”  

 

3.8. SwissADME: Pharmacokinetic and Toxicological Profiling 

Computer-aided drug design (CADD) is a crucial methodology that facilitates 

the modeling of target-ligand interactions at the molecular scale, aiding in the 

identification of potential drug candidates. In this process, initial evaluation typically 
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begins with molecular docking analyses. Docking studies help predict binding modes 

and affinity levels by calculating how and with what strength small molecules interact 

with target protein binding sites. However, high binding energy alone is not sufficient 

for a compound to be an effective drug candidate. During the drug development 

process, it is necessary to evaluate the toxicological properties of candidate molecules, 

along with their absorption, distribution, metabolism, and elimination (ADME) 

profiles. Such in silico predictions provide significant time and cost advantages in 

early-stage screening (Daina et al., 2017). 

 

In this study, the binding properties of lapatinib, a reference molecule with 

anticancer activity, along with eicosapentaenoic acid (EPA) and docosahexaenoic acid 

(DHA), both natural omega-3 fatty acids derived from krill oil, on the protein targets 

5MY6, 7PCD, and 8U8X were investigated using molecular docking. Following the 

docking analyses, the pharmaceutical suitability and pharmacokinetic profiles of these 

compounds were assessed using the SwissADME platform. 

 

SwissADME is an open-access, user-friendly web tool that can predict various 

pharmacokinetic, lipophilicity, and drug-likeness parameters based on molecule 

structural data in SMILES format. The platform employs algorithms specifically 

optimized for small molecules and utilizes various models for prediction. These 

include: These include the ESOL model, which calculates the molecule's water 

solubility; the BOILED-Egg model, which evaluates gastrointestinal absorption and 

blood-brain barrier passage; and the Bioavailability Radar, which visualizes drug 

similarity profiles (Daina et al., 2017). 

 

SwissADME also provides pharmaceutical suitability filters by evaluating 

molecules according to classical drug similarity rules such as Lipinski, Veber, Ghose, 

Egan, and Muegge. Furthermore, it can identify functional groups that pose a potential 

risk of toxicity or that may cause problems in screening libraries using the PAINS and 

Brenk structural alert filters (Brenk et al., 2008). The synthetic accessibility (SA) 

score, used to assess a molecule's synthesizability, is calculated on a scale ranging 

from 1 to 10, based on the molecule's structural complexity (Daina et al., 2017). 
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One of the key advantages of SwissADME is its ability to perform rapid, multi-

molecular analysis without access barriers. Furthermore, thanks to its integration with 

the SwissDrugDesign platform, users can also perform analyses compatible with other 

tools such as SwissDock, SwissSimilarity, and SwissTargetPrediction. These features 

make SwissADME a widely used tool for preliminary evaluation of candidate 

molecules in the early stages of drug discovery (Daina et al., 2017). 

 

CHAPTER IV. RESEARCH FINDING AND DISCUSSION 

 

In this study, conformational changes were examined through molecular 

docking and molecular dynamics (MD) simulation techniques, focusing on the HER2 

protein within breast cancer research. Three different crystal structures of the HER2 

protein (PDB ID: 5MY6, 7PCD, and 8U8X) were selected based on a literature search. 

Docking studies were conducted targeting the active sites of these receptors. 

 

Lapatinib, a widely used drug, was used as the reference drug, and its 

interactions with HER2 receptors were compared. Comparative docking analyses were 

conducted with a total of 54 drug molecules. Additionally, eicosapentaenoic acid 

(EPA) and docosahexaenoic acid (DHA), derived from krill oil, a natural source, were 

included in the study to assess their potential interactions with HER2. 

 

Following the docking analyses, further analyses were conducted. Molecular 

dynamics simulations were performed to form a HER2 complex with these two ligands 

and a drug, and the binding stability, dynamic behavior, and structural effects of the 

ligands were examined in detail. 

 

The results indicate that natural compounds such as EPA and DHA can be 

considered as potential therapeutic candidates in the design of new HER2-targeting 

molecules. This study was conducted to contribute to the development of targeted 

drugs for the treatment of breast cancer. 

 

4.1. Molecular Docking Results 

Molecular docking analyses were primarily conducted to evaluate the 

interaction potential of EPA (Eicosapentaenoic Acid) and DHA (Docosahexaenoic 
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Acid), derived from krill oil, with the breast cancer-associated HER2 protein. The 

docking phase was conducted with 54 different anticancer drugs from the literature 

and Lapatinib as a reference compound to comparatively examine the therapeutic 

effects of these natural compounds. 

 

To ensure accuracy and comprehensive analysis of the results, the docking 

processes were performed using three different software programs: AutoDock Vina 

and UCSF Chimera software were employed in this study. AutoDock Vina was 

utilized to compute the binding energies of the molecules to the HER2 receptor, while 

UCSF Chimera facilitated the preparation of protein and ligand structures, the 

definition of binding sites, and the optimization of grid box parameters. 

 

In each docking study, binding sites were positioned to focus on the active site 

of the HER2 receptor; Grid boxes were sized to completely encompass the target 

regions. This systematic approach increased the accuracy of the binding scores 

obtained and ensured the structural accuracy of the ligands' binding positions. 

 

As a result of docking analyses, the binding affinities of EPA and DHA with 

the HER2 protein were evaluated in terms of both binding energies and molecular 

interaction profiles. The findings suggest that these natural compounds may exhibit 

potential inhibitory properties on HER2 and contribute to the understanding of 

interaction mechanisms at the molecular level. 

 

Table 4.1. Ligand-receptor complexes with lowest binding energy 

Receptors Ligands and drug with CHEMBL ID 
Lowest Binding 

Energy 
(kcal/mol) 

5MY6 
Lapatinib -8,2 
EPA -6,2 
DHA -6,5 

7PCD 
Lapatinib -10,8 
EPA -7,1 
DHA -7,3 

8U8X 
Lapatinib -11,7 

EPA -7,7 

DHA -8,0 
. 
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4.1.1. Molecular Docking Studies with 5MY6 

In breast cancer, overexpression of the HER2 (Human Epidermal Growth 

Factor Receptor 2) protein drives aggressive tumor progression by enhancing cellular 

proliferation. Small molecule inhibitors targeting this receptor play a crucial role, 

particularly in the treatment of HER2-positive breast cancer. This study investigated 

the therapeutic potential of natural compounds using the 5MY6 receptor, which has 

the crystal structure of HER2. 

 

Lapatinib was selected as the reference compound, and comparative molecular 

docking studies were conducted with the omega-3 fatty acids EPA (eicosapentaenoic 

acid) and DHA (docosahexaenoic acid) derived from krill oil. Docking analyses were 

performed using AutoDock Vina software. 

 

The optimized grid box dimensions and center coordinates for the 5MY6 

receptor for docking studies are detailed in Table 4.2. For more precise identification 

of binding sites, the grid box coordinates were kept constant; Separate docking 

simulations were performed using the actual position of the center coordinate and three 

different grid sizes (20, 30, 40). As a result of these studies, the potential binding sites 

of EPA and DHA on the HER2 receptor were determined, and the obtained binding 

energies were compared with the reference drug Lapatinib to evaluate the therapeutic 

capacity of these compounds. 

 

Table 4.2. Grid parameter file of 5MY6 receptor and ligands with AutuDock 
GRID PARAMETER FILE 

Macromolecule 5MY6 
Models Lapatinib EPA DHA 

# of grind size in xyz 17.250 
18.000 
19.500 

Spacing (Å) 0.375 
xyz grid-center 

coordinates 
7.436 

-33.204 
-41.119 

Temperature (K) 298.15 
Charges Gasteiger 

Num_modes 100 
Energy_range 4 

Exhaustiveness 16 
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Table 4.2 contains information on the grid parameters used in molecular 

docking analyses against the 5MY6 protein. The grid parameter file contains the basic 

settings used to identify potential sites where ligands can bind to the target protein and 

optimize the search space. In this context, the models created for Lapatinib, EPA 

(eicosapentaenoic acid), and DHA (docosahexaenoic acid) ligands were based on a 

common grid structure. 

 

Initially, the grid dimensions (dimensions along the x, y, and z axes) were set 

to 17,250, 18,000, and 19,500 Å, respectively. These values define the three-

dimensional boundaries of the area where ligands can bind. The grid spacing was set 

to 0.375 Å; this value represents the distance between grid points during the docking 

process; smaller values allow for more precise but more time-consuming calculations. 

The coordinates of the grid center were determined as x = 7.436, y = -33.204, and z = 

-41.119, respectively. This center defines the region where the binding pocket is 

positioned and ensures that ligands are optimized in regions with the highest binding 

potential. Docking calculations were performed at 298.15 K (25 °C), which is close to 

standard biological temperature. This parameter allows molecular dynamics behavior 

to be modeled in accordance with physiological conditions. Gasteiger charges were 

used in the analyses. This charge type rapidly and parametrically estimates the 

electrostatic charge distribution on ligands. It is widely preferred in docking studies, 

especially with small molecules, and shows high compatibility with AutoDock-based 

programs. In addition, a maximum of 100 different binding modes (Num_modes) were 

scanned for each ligand in the docking protocol, the energy range (Energy_range) was 

set at 4 kcal/mol, and the exhaustiveness (computational coverage) value was selected 

as 16. These parameters both increase the diversity of binding modes and control the 

level of detail of the simulation. 

 

As a result, the grid structure created based on these parameters allowed for 

accurate and efficient analysis of the binding behavior of ligands towards the 5MY6 

protein. 

 

Based on the AutoDock Vina results, the conformations with the lowest 

binding energy were selected and visualized using Discovery Studio. Figure 4.1 shows 
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the interaction structure of the amino acids in the conformation obtained after docking 

between the 5MY6 receptor and the Lapatinib molecule. 

 

 

Figure 4.1. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing Lapatinib interactions with the 5MY6 receptor. 

 

Figure 4.1 shows the conformation with the lowest binding energy obtained 

from the interaction of the Lapatinib molecule with the 5MY6 crystal structure of the 

HER2 receptor. Docking studies revealed that Lapatinib binds to the receptor's active 

site with high affinity and stabilizes this binding through various interactions. Images 

generated using Discovery Studio reveal multiple conventional hydrogen bonds 

between the Lapatinib molecule and the receptor (with GLN A:81, TYR A:303, ASN 

A:488, and GLY A:464). These hydrogen bonds play a key role in maintaining the 

ligand in the binding site. In addition, carbon-hydrogen bonds were determined to form 

with residues THR A:27 and GLN A:57. Halogen interactions are also noteworthy; in 

particular, the halogen bond formed between Lapatinib's fluorine atom and GLN A:57 

is a significant factor contributing to binding stability. Additionally, π-π T-shaped and 

π-alkyl interactions were observed with hydrophobic amino acid residues such as VAL 

A:25, VAL A:55, and PRO A:300. Such hydrophobic interactions further stabilize the 

binding site. These data demonstrate that lapatinib binds specifically to the HER2 

receptor and strongly localizes to the ATP-binding pocket through multiple 

interactions. As reported in the literature, such multi-site binding is critical for the 

efficacy of tyrosine kinase inhibitors. 
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Figure 4.2. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing EPA with the 5MY6 receptor. 

 

Figure 4.2 shows the conformation with the lowest binding energy in a docking 

simulation of the eicosapentaenoic acid (EPA) molecule using the 5MY6 structure of 

the HER2 tyrosine kinase receptor. The image clearly shows the interactions EPA 

forms with some critical amino acid residues as it docked in the active site of the HER2 

receptor. This visualized binding model provides important information about EPA's 

structural properties and binding mode. 

 

EPA is a long-chain, polyunsaturated omega-3 fatty acid. Due to the flexible 

nature of its hydrocarbon chain, it generally binds to protein targets through 

hydrophobic and van der Waals interactions. Visual analysis reveals that the EPA 

molecule is retained in the receptor's binding site primarily through hydrophobic 

interactions. In this structure analyzed by Discovery Studio, π-alkyl and alkyl 

interactions were identified between EPA and LEU A:465 and HIS A:490 residues. 

Such interactions contribute to stabilizing the molecule's position in hydrophobic 

regions (R. D. Smith et al., 2006). 

 

The fact that EPA does not form hydrogen bonds or electrostatic interactions 

with the receptor suggests that its binding affinity may be lower compared to target-

specific small molecule inhibitors such as Lapatinib. However, the multiple 

hydrophobic contacts it makes with a functionally important amino acid such as HIS 

A:490 demonstrate that EPA localizes to the HER2 kinase domain and exhibits a 
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specific fit to the target site. The literature has reported that omega-3 fatty acids 

modulate signaling through indirect effects on membrane structure and receptor 

conformation, rather than directly binding to some receptors (Calder, 2015). In this 

context, EPA binding to the HER2 receptor may be effective through conformational 

changes rather than direct inhibition. 

 

In conclusion, the binding pattern of EPA to the 5MY6 receptor differs from 

the classical inhibitory binding pattern, appearing to occur primarily through 

hydrophobic surface conformation and van der Waals forces. This suggests that EPA 

could be considered a supportive or modulatory agent, rather than a direct inhibitor, in 

HER2-targeted therapies. 

 

 

Figure 4.3. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing DHA with the 5MY6 receptor. 

 

Figure 4.3 shows the binding of the docosahexaenoic acid (DHA) molecule to 

the HER2 (5MY6) receptor. DHA is a long-chain, polyunsaturated omega-3 fatty acid, 

and an examination of the binding model reveals that the ligand engages the active site 

of the HER2 receptor through various non-covalent interactions. Analysis with 

Discovery Studio identified significant interactions between the DHA molecule and 

HIS A:349 and GLU A:363 residues on the receptor. 

 

The DHA molecule structurally contains functional groups capable of both 

hydrogen bonding and ionic interactions. In the image, DHA is observed to form pi-

donor hydrogen bonds with HIS A:349 through its hydroxyl and carboxyl groups. Such 
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interactions play a key role in determining the ligand's orientation and placement 

within the binding pocket (Calder, 2015). Furthermore, the positively charged amine 

group of DHA appears to form a salt bridge with the negatively charged GLU A:363 

residue. This interaction is quite strong due to its ionic character and is an important 

factor that increases the stability of the ligand-receptor complex. 

 

This binding mechanism of DHA to the 5MY6 receptor differs from that of 

classical tyrosine kinase inhibitors. Compared to EPA, DHA's greater number of 

unsaturated bonds increases the flexibility of the molecule and allows it to fit more 

comfortably into the receptor's binding site (Schley et al., 2007). In particular, the 

presence of both hydrogen bonds and ionic bridges at the same binding site suggests 

that DHA may exhibit receptor-specific binding behavior. 

 

This binding pattern of DHA on HER2 suggests that it is not a direct tyrosine 

kinase inhibitor, but rather a molecule that can indirectly modulate receptor activity. 

Indeed, the literature reports that DHA reduces HER2 expression and exhibits 

suppressive effects on tyrosine kinase signaling pathways (Corsetto et al., 2011; Zou 

et al., 2013). In this context, this interaction profile formed by DHA binding to the 

receptor sheds light on the molecular basis of its biological effects. 

 

4.1.2. Molecular Docking Studies with 7PCD 

The binding potential of naturally occurring omega-3 fatty acid derivatives to 

this receptor was investigated using the 7PCD crystal structure, which represents the 

three-dimensional structure of HER2. Lapatinib, a clinically approved HER2 inhibitor, 

was selected as the reference compound, and this molecule was compared with 

eicosapentaenoic acid (EPA) and docosahexaenoic acid (DHA), natural omega-3 fatty 

acids derived from krill oil. Molecular docking analyses were performed using 

AutoDock Vina software to predict the binding affinities of ligands to the 7PCD 

receptor. 

 

The grid box dimensions and center coordinates, optimized using the 8U8X 

crystal structure of the HER2 protein as part of the docking protocol, are shown in 

Table 4.2. To more precisely define the binding sites, the grid box coordinates were 

kept constant; However, based on the location of the center coordinates, four separate 
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docking analyses were performed with different box sizes (20, 30, and 40). As a result 

of these calculations, potential interaction sites of EPA and DHA molecules derived 

from krill oil with the 8U8X receptor were identified; the binding affinities of these 

natural compounds were compared with those of Lapatinib, which is currently in 

clinical use, and evaluated for therapeutic relevance. 

 

Table 4.3. Grid parameter file of 7PCD receptor and ligands with AutuDock. 
 

GRID PARAMETER FILE 
Macromolecule 7PCD 

Models Lapatinib EPA DHA 

# of grind size in xyz 22.500 
21.000 
36.000 

Spacing (Å) 0.375 
xyz grid-center 

coordinates 
8.226 
-6.115 
-17.232 

Temperature (K) 298.15 
Charges Gasteiger 

Num_modes 100 
Energy_range 4 

Exhaustiveness 16 
 

Table 4.6 includes the actual location coordinates and other parameters of the 

docking analysis. 

 

 

Figure 4.4. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing Lapatinib interactions with the 7PCD receptor. 
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Figure 4.4 depicts the molecular interactions between the ligand and the target 

protein in detail. The left panel displays the three-dimensional structure of the protein-

ligand complex, while the right panel presents a two-dimensional interaction map of 

the complex. 

 

The interaction map indicates the different bond types formed by the ligand 

with the amino acid residues in the protein binding site, indicated by color codes. 

Conventional hydrogen bonds, shown in green, contribute significantly to complex 

stability by creating strong electrostatic bonds between the ligand and residues 

ASP863, THR862, and GLY865 (Kumar et al., 2015). Salt bridges, shown in orange, 

represent the electrostatic attraction between the ligand's ionic groups and oppositely 

charged amino acid residues on the protein; these interactions play a critical role in 

increasing binding affinity (Wang et al., 2016). In addition, halogen bonds (blue), pi-

cation (orange), pi-alkyl (pink), and pi-pi T-shaped interactions (dark pink) 

demonstrate the hydrophobic and electronic compatibility between the ligand and 

aromatic residues. These bonds enhance the ligand's conformational fit in the binding 

site, supporting its specificity (Chen et al., 2019). 

 

These interactions in the three-dimensional structure ensure stable binding of 

the ligand to the target protein, demonstrating that the molecular docking results are 

biologically relevant and suggest that the ligand may be a potential inhibitor. 

 

 

Figure 4.5. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing EPA interactions with the 7PCD receptor. 
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Figure 4.5 provides a detailed representation of the molecular interactions 

between the ligand and the target protein binding site. The protein-ligand complex is 

shown in three dimensions on the left, while the two-dimensional interaction map on 

the right shows the ligand's binding sites on the protein and the types of interactions. 

 

Only two types of interactions are observed in the interaction map: 

conventional hydrogen bonding (shown in green) and alkyl interactions (in light 

purple). Conventional hydrogen bonding refers to the hydrogen bonding of the ligand's 

carboxyl group to residue ASP863 on the protein. These hydrogen bonds promote 

strong and specific binding of the ligand to the binding site, increasing complex 

stability. Alkyl interactions indicate that the ligand's hydrophobic regions interact with 

numerous hydrophobic amino acid residues (LEU, LYS, VAL, PHE, ALA, and MET) 

on the protein. These hydrophobic contacts ensure the ligand adopts the appropriate 

conformation at the binding site, thus supporting the thermodynamic stability of the 

ligand-protein complex. 

 

In general, ligand binding to protein is mediated primarily by hydrogen 

bonding and hydrophobic interactions. This binding pattern demonstrates the ligand's 

good affinity for the protein and is important for understanding the molecular basis of 

its biological activities. 

 

 

Figure 4.6. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing DHA interactions with the 7PCD receptor. 
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Figure 4.6 presents a detailed three-dimensional (left) and two-dimensional 

(right) representation of the molecular interactions of the DHA ligand with the binding 

site of the 7PCD receptor. The two-dimensional interaction map shows that the ligand 

forms various types of interactions on the target protein. These interactions include 

conventional hydrogen bonds (green), salt bridges (orange), and carbon-hydrogen 

bonds (light green). 

 

Conventional hydrogen bonds refer to the bonds formed by the ligand with 

residues SER 890, SER 907, ARG 844, and ALA 890 on the protein. These bonds 

allow the ligand to attach to the binding site with high specificity and increase the 

stability of the complex. The salt bridge represents the electrostatic attraction between 

the positively charged amino group of the ligand and the negatively charged residue 

ASP 904 on the protein. Salt bridge interactions play a critical role in the stability of 

the ligand-protein complex. Additionally, carbon-hydrogen bonds indicate that the 

ligand forms weak but additive interactions with residues MET 889 and SER 903. 

 

This interaction profile demonstrates that the ligand binds strongly and 

specifically to the target protein and has potentially high biological activity. The 

presence of both hydrogen bonds and salt bridge interactions supports increased 

binding affinity and selectivity. 

 

4.1.3. Molecular Docking Studies with 8U8X 

The 8U8X crystal structure was used as the three-dimensional structure of the 

HER2 receptor, and the binding potential of naturally occurring omega-3 fatty acid 

derivatives was investigated on this structure. Lapatinib, a clinically approved HER2 

inhibitor, was compared with eicosapentaenoic acid (EPA) and docosahexaenoic acid 

(DHA), two major long-chain polyunsaturated fatty acids derived from krill oil. 

Molecular docking studies were conducted using AutoDock. Vina software to estimate 

the binding affinities of ligands on the receptor. 

 

The grid box sizes and center coordinates optimized using the 8U8X crystal 

structure of the HER2 protein as part of the docking protocol are shown in Table 4.2. 

To more precisely define the binding sites, the grid box coordinates were kept constant; 

however, four separate docking analyses were conducted with different box sizes (20, 
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30, and 40) based on the location of the center coordinates. As a result of these 

calculations, the possible interaction sites of EPA and DHA molecules derived from 

krill oil with the 8U8X receptor were determined; the binding affinities of these natural 

compounds were evaluated from a therapeutic perspective by comparing them with 

Lapatinib, which is in clinical use. 

Table 4.4 includes the actual location coordinates and other parameters of the 

docking analysis. 

 

Table 4.4. Grid parameter file of 8U8X receptor and ligands with AutuDock. 
GRID PARAMETER FILE 

Macromolecule 8U8X 
Models Lapatinib EPA DHA 

# of grind size in xyz 18.000 
30.000 
23.250 

Spacing (Å) 0.375 
xyz grid-center 

coordinates 
-18.479 
10.713 
18.055 

Temperature (K) 298.15 
Charges Gasteiger 

Num_modes 100 
Energy_range 4 

Exhaustiveness 16 
 

 

Figure 4.7. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing Lapatinib interactions with the 8U8X receptor. 
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Figure 4.7 shows the binding conformation of the Lapatinib molecule on the 

8U8X crystal structure of the HER2 receptor and its interactions within the receptor in 

both three-dimensional and two-dimensional views. According to molecular docking 

analysis, Lapatinib establishes various strong interactions with the target protein, 

locating the binding site with high affinity. The molecule was observed to form 

conventional hydrogen bonds with residues MET805 and LEU726. These bonds 

stabilize the ligand in the binding site, increasing its specificity. Furthermore, the 

halogen bond formed with VAL777 via the fluorine atom contributes to the ligand's 

conformational stability. The literature emphasizes that such bonds are particularly 

important for protein-ligand complex stability. 

 

Lapatinib also interacts with ASP867 via a carbon-hydrogen bond, which helps 

the molecule orient itself to the binding site. In hydrophobic regions, alkyl, pi-alkyl, 

and pi-sigma interactions are formed with amino acid residues such as LEU800, 

LEU870, VAL734, LEU789, ALA751, and MET805. These hydrophobic interactions, 

in particular, enhance the structural conformation of the binding pocket, lowering the 

ligand's binding energy and increasing affinity. Lapatinib's versatile interactions with 

the HER2 receptor form the molecular basis for this molecule's high therapeutic 

efficacy. 

 

Figure 4.8 shows the binding location and interactions of the natural omega-3 

fatty acid eicosapentaenoic acid (EPA) molecule with the 8U8X receptor. The left 

panel shows the three-dimensional binding conformation of EPA, while the right panel 

presents a two-dimensional schematic representation of the molecular interactions 

mediating this binding. 
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Figure 4.8. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing EPA interactions with the 8U8X receptor. 

 

The first element that stands out in the interaction of EPA with the HER2 

receptor is the conventional hydrogen bond formed by the carbonyl group with the 

amino acid SER787. This interaction can be considered a significant stabilizing force 

that allows the ligand to orient itself toward the binding site. Hydrogen bonds play a 

critical role in determining both the accuracy and stability of the molecule's binding 

conformation. This bond demonstrates that the polarized end of EPA establishes a 

specific and strong contact with the receptor. In addition, EPA's long, nonpolar 

hydrocarbon chain forms various alkyl and pi-alkyl interactions with the hydrophobic 

residues LEU800, LEU856, LEU1012, PHE868, LYS753, VAL734, and ALA751 in 

the binding pocket. Such hydrophobic interactions are particularly decisive factors in 

the binding of lipophilic molecules to proteins. These interactions between nonpolar 

regions increase the binding surface area and enhance affinity. 

 

Considering the structural properties of EPA, its polyunsaturated long-chain 

structure allows it to extend into different subregions of the binding pocket and form 

various hydrocarbon-based interactions. This contributes to binding stability and 

stabilizes the ligand's position. 

 

Overall, EPA's binding to the HER2 receptor occurred through both polar 

(hydrogen bonding) and nonpolar (hydrophobic interactions). This demonstrates the 

molecule's versatile interaction profile with the receptor. However, EPA's binding 
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energy and inhibitory potency may be lower than those of clinical HER2 inhibitors 

such as lapatinib. Molecular dynamics simulations and biological validation studies 

are necessary to clarify the therapeutic efficacy of such natural compounds. 

 

Figure 4.9 shows the binding conformation and molecular interaction profile 

of docosahexaenoic acid (DHA), a natural omega-3 fatty acid, with the HER2 tyrosine 

kinase receptor (PDB ID: 8U8X). The left panel shows the three-dimensional binding 

position of DHA on the target protein; the right panel presents the two-dimensional 

interactions corresponding to this binding position. 

 

 

Figure 4.9. Discovery Studio 3D and 2D ligand-protein interaction diagram 

showing DHA interactions with the 8U8X receptor. 

 

The DHA molecule has multiple important interactions at the receptor binding 

site. Conventional hydrogen bonding, particularly with residue GLU878, contributes 

to the specific binding of DHA to the receptor. Hydrogen bonds are critical for the 

orientation and stability of ligand-protein complexes and contribute positively to 

binding energy. Furthermore, the carbon-hydrogen bond formed with ALA730 

facilitates the proper orientation of DHA within the binding pocket. More strikingly, 

the DHA molecule has formed electrostatic interactions with residues ARG853, 

ASP849, and ASP867 on the receptor. The salt bridges and attractive charge 

interactions observed with these residues increase the ionic stability of the binding 

complex and ensure the retention of DHA within the binding pocket. Such ionic 

interactions support the inhibitory effect of the ligand. In addition, van der Waals 

contacts observed with residues such as LEU870, PHE731, and ASN854 allow DHA 
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to interact with a larger surface area in the binding site, increasing binding affinity. 

These weak but extensive contacts stabilize the binding conformations of nonpolar, 

long-chain molecules like DHA. 

 

In conclusion, DHA appears to be held in the HER2 binding pocket by various 

types of interactions, particularly hydrogen bonds and ionic interactions, maintaining 

a stable binding conformation. This interaction profile of DHA suggests that it may 

have potential biological activity in HER2-targeted molecular interventions. However, 

further dynamic and biological validation studies are required before such natural 

compounds can be considered inhibitors. 

 

4.1.5. SwissADME-Based Evaluation 

Figure 4.10 presents the SwissADME pharmaceutical evaluation of the DHA 

molecule for targets 5MY6, 7PCD, and 8U8X, showing that DHA has a molecular 

weight of 328.49 g/mol, moderate polarity (TPSA 37.30 Å²), and high lipophilicity 

(consensus Log P 5.87), which leads to poor to moderate water solubility. It exhibits 

high gastrointestinal absorption but is not permeable to the blood-brain barrier and 

only inhibits CYP2C9 among key cytochrome enzymes. While DHA slightly violates 

Lipinski and other druglikeness rules mainly due to its lipophilicity and number of 

rotatable bonds, it has a good bioavailability score (0.85) and no PAINS alerts, 

indicating favorable oral bioavailability and low assay interference risk. However, its 

poor solubility and CYP2C9 inhibition should be considered in further drug 

development and formulation efforts. 
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Figure 4.10. SwissADME-Based Pharmaceutical Evaluation of the DHA 

Molecule for Targets 5MY6, 7PCD, and 8U8X 

 

EPA, the results of which are shown in Figure 4.11, has a larger and more 

lipophilic structure compared to DHA. Its molecular weight is 302.45 g/mol, which is 

still acceptable for oral bioavailability. However, its lipophilicity value is quite high 

(consensus log Po/w: 5.49), which significantly reduces the molecule's water solubility 

(ESOL log S: -4.82). Despite its low water solubility, gastrointestinal absorption is 

high. Its CYP2C9 inhibition requires caution regarding potential drug-drug 

interactions. Its TPSA value (37.30 Å²) is quite low, and while this provides 

advantages for receptor binding at lipophilic sites, it may be limiting for hydrophilic 

targets. Although it meets the Lipinski rules, there is a violation due to the MLOGP 

value. Additionally, there are structural violations (number of rotary bonds and log P 

values) in the Veber and Ghose rules. Its synthetic availability is lower than that of 

DHA (3.18), but still reasonable. In general, EPA exhibits a more complex and 

lipophilic pharmaceutical profile than DHA, which may limit its bioavailability and 

solubility. 
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Figure 4.11. SwissADME-Based Pharmaceutical Evaluation of EPA 

Molecule for Targets 5MY6, 7PCD, and 8U8X 

 

Lapatinib is a tyrosine kinase inhibitor notable for its large and complex 

structure. Its molecular weight is 581.08 g/mol, which violates one of the Lipinski 

rules. Its structure contains 40 heavy atoms, 27 of which are aromatic, suggesting a 

relatively rigid and near-planar structure. Its TPSA value is high at 121.96 Å², 

consistent with low gastrointestinal absorption. Furthermore, it has very low water 

solubility (ESOL log S: -6.27), which poses a significant challenge for pharmaceutical 

formulation. Lapatinib is an inhibitor of the enzymes CYP1A2, CYP2C9, and 

CYP2C19, posing a risk of serious drug-drug interactions in clinical use. Lapatinib, 

which exhibits a balanced lipophilicity profile (consensus log Po/w: 4.09), satisfies the 

Egan and Muegge rules but shows significant violations of the Ghose and Veber rules. 

Its synthetic accessibility score is 3.96, indicating that its synthesis is quite difficult 

and costly. Its low bioavailability score (0.55) disadvantages this molecule, 

particularly regarding oral administration. While its structural features may allow it to 

bind with high affinity to the target receptor 7PCD, pharmacokinetic challenges and 

its CYP inhibition profile should be considered. 
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Figure 4.12. SwissADME-Based Pharmaceutical Evaluation of Lapatinib 

Molecule for Targets 5MY6, 7PCD, and 8U8X 

 

In light of all these data summarized in Table 4.12, DHA stands out as the 

strongest candidate due to its pharmacokinetic suitability, high solubility, low toxicity, 

and ease of synthesis. While EPA is more lipophilic and structurally flexible, 

potentially binding to hydrophobic regions of the target protein, it is limited in terms 

of solubility and CYP interactions. While lapatinib, thanks to its unique structure, 

offers the potential to interact specifically with all three receptors, factors such as low 

solubility, high molecular complexity, and metabolic interactions make this compound 

more suitable for evaluation in advanced phases rather than early-stage drug discovery. 

In this context, among potential drug candidates to be developed targeting selected 

HER2 receptors, DHA can be considered the most advantageous molecule from both 

pharmaceutical and biopharmaceutical perspectives. 

 

 

 

 



81 

 

Table 4.5. Comparative Pharmaceutical Properties of DHA, EPA, and 

Lapatinib Molecules Based on SwissADME Data 

Feature DHA EPA Lapatinib 

Molecular Weight Low (90.10) Medium (302.45) High (581.08) 

Water Solubility Very high Low Very Low 

GI Absorption High High High 

CYP Inhibitor No CYP2C9 CYP1A2, 2C9, 2C19 

TPSA 64.94 Å² 37.30 Å² 121.96 Å² 

Synthetic Accessibility 1.01 (very easy) 3.18 3.96 (hard) 

 

 

4.2. Molecular Dynamics Simulation Results 

Molecular dynamics (MD) simulations were employed to investigate the time-

dependent conformational behavior of the ligand within the protein binding site. These 

simulations allowed the determination of the average potential energy profile by 

calculating the kinetic energy changes in the system and the derivation of the forces 

acting on each atom based on their energy values. This allowed for a more detailed 

analysis of the structural alignment of the ligand during interaction with the target 

protein. 

 

To create an environment closer to physiological conditions, the motion of 

protein-ligand complexes was modeled in an environment containing water molecules. 

This enabled a more realistic simulation of biomolecular motions over time, and in 

particular, conformational changes in solution, hydrogen bonding, and solvation 

effects were observed in detail. 

 

Furthermore, integrating appropriate parameters into polarizable force fields 

has been shown to be significantly more effective in more accurately modeling the 

dynamic structures of disordered or rapidly folding proteins. These findings are 

consistent with studies in the literature that emphasize the criticality of more precise 

representation of electrostatic interactions and polarization effects for the reliability of 

molecular dynamics simulations. 
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The parametric data used in all MD simulations—including the force field 

selection, system equilibration protocols, solvent model, and time steps—are 

presented in detail in Table 4.6. 

 

                        Table 4.6. MD simulations parameters. 

Temperature 298.15 K 
Force Field Charmm27 

Solvent TIP3P 
Cubic Box Boundary 2.0 nm 

 

Molecular dynamics simulations were performed under appropriate 

thermodynamic conditions. During this process, the system was first temperature 

controlled and thermostated using a 100-picosecond NVT equilibration under 

conditions of constant particle number (N), constant volume (V), and constant 

temperature (T). Density control was then achieved through a 100-picosecond NPT 

equilibration step, which included conditions of constant particle number (N), constant 

pressure (P), and constant temperature (T). The system was then pressure-equilibrated 

by selecting the appropriate barostat. 

 

A detailed protocol for the codes used in the simulations is presented in 

Appendix I. For each protein-ligand complex, analyses including root mean square 

deviation (RMSD), root mean square fluctuation (RMSF), hydrogen bonding, and 

radius of gyration were carried out using the respective computational tools. 50-

nanosecond MD simulations for all ligands and the reference drug were recorded using 

the Turkish National High Performance Computing Center (UHeM) infrastructure. 

 

4.2.1. Protein-Only Molecular Dynamics Simulations 

In simulation studies aimed at understanding ligand-protein interactions, 

analyzing the protein's native dynamics in aquatic environments is essential for 

accurately interpreting the structural changes induced by ligand binding. In this 

context, "blank" or "apo" simulations represent situations where the protein exists 

solely in aquatic environments and does not interact with any ligands. This allows for 

the evaluation of parameters such as the protein's conformational flexibility, structural 

stability, hydrogen bonding interactions with water, and overall compactness. These 

analyses serve as controls for the changes that will occur upon ligand binding and 
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allow for comparative evaluations (Hollingsworth & Dror, 2018). Several fundamental 

criteria are considered when selecting the protein to be used in the simulation. These 

include high-resolution and crystallographically verified structures (preferably <3.0 

Å), well-defined binding sites, preference for native (mutation-free) isoforms, and 

suitability of the system for physiological conditions. Furthermore, in blank studies, it 

is important for the protein to be in its ligand-free (apo) form to model its native state. 

Such initial simulations help determine whether the system has reached equilibrium 

by analyzing time-dependent changes in parameters such as root mean square 

deviation (RMSD), gyration radius (Rg), or number of hydrogen bonds (Lemkul, 

2019). Consequently, blank simulations are not only complementary to molecular 

dynamics studies but also a methodologically essential step for a robust assessment of 

ligand effects. 

 

The RMSD curve presented in Figure 4.13 represents the conformational 

displacement of solvent (SOL) molecules during the simulation of the 8U8X protein 

in a water environment. In the first few nanoseconds of the simulation, the RMSD 

value increases rapidly, reaching approximately 0.25 nm, and stabilizes at this value, 

forming a stable plateau. This observation indicates that the water molecules are 

significantly displaced from their initial positions, but the system reaches equilibrium 

within a short time. 

 

The high RMSD values of water molecules are expected because water is a 

dynamic solvent, constantly rearranging and interacting with hydrophilic/hydrophobic 

regions on the protein surface. In this context, the early rise observed in the graph can 

be associated with the adaptation of water molecules to the protein surface and the 

restructuring of the first solvation shell (Lemkul, 2019). The stabilization of the RMSD 

over time indicates that the solvent distribution in the system no longer exhibits 

significant time-dependent changes, meaning that the water environment has attained 

a dynamic but stable structure. 
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Figure 4.13. RMSD analysis results graph of 8U8X Protein-Only in MD simulation. 

 

This result confirms that the system reached thermal equilibrium throughout 

the simulation and that the solvent structure remained stable. This stable distribution 

of water molecules is critical, particularly in protein-ligand studies, in terms of water 

displacements and potential displacement energies at ligand binding sites. 

 

The RMSF values shown in Figure 4.14 represent the conformational mobility 

of the 8U8X protein per atom during the simulation in water. The horizontal axis 

represents the atomic number, and the vertical axis represents the deviation per atom 

(in nm). Average oscillations, generally observed in the range of 0.1–0.3 nm, indicate 

that the protein has overall structural stability. However, the significant RMSF 

increase observed, particularly in the range of 4500–5000 atoms, suggests high 

flexibility or disorder in these regions. 

 

Such local mobility increases are generally associated with the loop regions, 

terminals, or flexible segments located on the surface of the protein. These regions can 

also potentially serve as ligand binding sites or allosteric interaction sites (Bahar et al., 

2010). Conversely, the large regions with low RMSF values in the graph represent the 

more rigid and structurally stable portions of the protein. These regions generally 

correspond to the α-helix and β-sheet regions, which are secondary structural elements. 



85 

 

 

Figure 4.14. RMSF analysis results graph of 8U8X Protein-Only in MD simulation. 

 

The results of RMSF analysis are valuable for both assessing the dynamic 

properties of the structure and predicting potential binding sites. Furthermore, changes 

in this RMSF distribution after ligand binding provide a fundamental reference point 

for comparative analyses to better understand the structural effects of binding. 

 

Figure 4.15 shows that the gyration radius values fluctuated around 2.0 nm 

during a 50-ns simulation of the 8U8X protein in water. These measured values exhibit 

very low-amplitude oscillations over time, suggesting that the protein largely 

maintained its compact structure and remained structurally stable throughout the 

simulation. 

 

The absence of a significant increase in the gyration radius indicates that the 

protein chain did not unwind (denaturate) and that its overall three-dimensional 

structure was preserved. This indicates that the system reached thermal equilibrium in 

the water environment and that the simulation conditions did not disrupt the protein's 

native conformation (Amadei et al., 1993). This finding also supports the notion that 

the apo form (ligand-free state) of the protein maintains its functional structure in water 

and provides a suitable starting model for potential ligand binding analyses. 
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Figure 4.15. Radius of gyration analysis results graph of 8U8X Protein-Only in MD 

simulation. 

 

The fact that the Rg analysis yields a stable curve profile suggests that there 

was no large-scale rearrangement in the protein's folding structure and that the system 

remained stable throughout the simulation. This data, when considered together with 

other structural parameters (e.g., RMSD and RMSF), provides important structural 

information about the dynamic equilibrium state of the protein solution. 

 

The black curve in Figure 4.16 represents the number of active hydrogen bonds 

that meet classical hydrogen bonding criteria (based on donor-acceptor distance and 

angular constraints), while the red curve shows only potential hydrogen bond pairs that 

meet the distance criterion (≤ 0.35 nm). The number of bonds along the black curve, 

which ranges from approximately 650–750, indicates the protein's stable interaction 

level in a water environment. These values indicate that the protein is well hydrated in 

terms of solubility and interacts intensively with water (Lindorff-Larsen et al., 2010). 

 

The red curve, on the other hand, reveals a higher number of atom pairs capable 

of potential hydrogen bonding and fluctuates over time. This indicates the presence of 

a dynamic hydrogen bond network in the system. Neither curve exhibits a significant 

upward or downward trend over time, indicating that the protein and its surrounding 

water molecules have reached equilibrium throughout the simulation and have created 

a stable binding environment. 
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Figure 4.16. Hydrogen Bonds analysis results graph of 8U8X Protein-Only in MD 

simulation. 

 

This analysis is particularly important in ligand binding studies. Because 

increases or decreases in hydrogen bonding resulting from ligand binding can be 

indicative of structural changes and binding efficiency, this blank simulation provides 

an important reference point for post-binding comparative analyses. 

 

4.2.2. Molecular Dynamics Simulations with 5MY6 

Initially, to assess structural variations throughout the molecular dynamics 

simulations, root mean square deviation (RMSD) values were computed and 

graphically represented as a function of simulation time. This analysis was performed 

for EPA, DHA, and Lapatinib complexed with the 5MY6 (HER2) receptor. 

 

The RMSD (Root Mean Square Deviation) plot shown in Figure 4.17 presents 

the dynamic stability and conformational changes of three ligands—Lapatinib, EPA 

(Eicosapentaenoic acid), and DHA (Docosahexaenoic acid)—when bound to the 

5MY6 receptor throughout a molecular dynamics (MD) simulation of 50 nanoseconds. 

RMSD is a crucial metric in MD studies, used to evaluate the structural deviation of a 

molecule over time, offering insight into the overall stability and binding behavior of 

ligand–receptor complexes. 

 

According to the graph, DHA (green line) demonstrates the lowest and most 

stable RMSD values throughout the simulation, consistently ranging between 
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approximately 0.3 and 0.5 nm. This indicates minimal conformational fluctuation, 

suggesting that the DHA-5MY6 complex maintains a relatively stable binding pose 

over the simulation period. In contrast, EPA (red line) exhibits slightly higher RMSD 

values (~0.4–0.6 nm), with more fluctuations compared to DHA, implying moderate 

flexibility or weaker interactions with the receptor. Lapatinib (black line), a known 

synthetic anticancer agent, shows initial high RMSD fluctuations but stabilizes after 

around 10 ns, maintaining values around 0.4–0.5 nm for the remainder of the 

simulation. However, some noticeable instability is still observed, particularly 

between 20–40 ns, where RMSD temporarily drops and then increases again, 

suggesting potential repositioning within the binding site. 

 

From a comparative standpoint, the results indicate that DHA binds to the 

5MY6 receptor with greater conformational stability than both EPA and Lapatinib, 

despite being a natural compound. This might be attributed to DHA's flexible 

polyunsaturated chain allowing better accommodation in the binding pocket. The 

relatively stable interaction profile of DHA may highlight its potential as a promising 

bioactive compound in targeting 5MY6-related pathways. 

 

In molecular dynamics literature, RMSD values below 0.3–0.4 nm are 

generally considered indicative of strong and stable binding. Therefore, the behavior 

of DHA closely aligns with this threshold, supporting its high binding stability. 

 

Figure 4.17. RMSD analysis results graph of 5MY6 receptor-bound ligands in MD 

simulation. 
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As a result, the EPA and Lapatinib ligands formed more stable complexes with 

the 5MY6 receptor, while DHA exhibited less stability at the binding site. These 

findings suggest that EPA and Lapatinib may be more advantageous in terms of 

binding affinity and interaction stability. 

 

Figure 4.18 shows atomic-level root mean square fluctuation (RMSF) values 

calculated during molecular dynamics simulations for three different ligands 

(Lapatinib, EPA, and DHA) complexed with the 5MY6 (HER2) protein. RMSF is used 

to determine flexible or rigid regions along the protein chain by measuring the time-

dependent deviations of each atom (usually Cα atoms) relative to their average 

position. 

 

Across the simulation, all three ligands exhibit similar fluctuation patterns, 

with most regions maintaining low RMSF values below 0.2 nm, suggesting overall 

structural stability of the receptor. However, noticeable differences emerge in specific 

regions. Lapatinib (black line) shows the least fluctuation, indicating a more rigid and 

stable binding conformation with the receptor. EPA (red line) and DHA (green line), 

on the other hand, exhibit slightly higher fluctuations in several loop regions and 

terminal ends, particularly around atom indices ~2000–4000 and near the C-terminal 

region (around 8000). These regions correspond to more flexible parts of the protein, 

such as loops or terminal residues. 

 

Figure 4.18. RMSF analysis results graph of 5MY6 receptor-bound ligands in MD 

simulation. 
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Overall, the RMSF analysis suggests that the 5MY6 receptor maintains a stable 

structure with all three ligands, but Lapatinib induces the least flexibility, which may 

indicate stronger or more stable binding. EPA and DHA induce moderate fluctuations, 

which could imply a slightly less rigid interaction with the receptor compared to 

Lapatinib. 

 

Figure 4.19 presents the radius of gyration analysis for the 5MY6 receptor in 

complex with Lapatinib, EPA, and DHA over a 50 ns molecular dynamics simulation. 

R<sub>g</sub> is an essential indicator of the protein's overall compactness and 

structural integrity. Throughout the simulation, all three ligand-bound systems 

exhibited relatively stable Rg values, ranging between approximately 2.8 and 3.1 nm, 

indicating that no significant conformational expansion or unfolding occurred. Among 

the ligands, the Lapatinib-bound complex displayed the lowest and most consistent Rg  

suggesting a tightly packed and stable structure. DHA also showed a stable trend with 

minor fluctuations, while EPA exhibited slightly higher variability, implying a more 

flexible or less compact interaction with the receptor. These results suggest that both 

Lapatinib and DHA contribute to maintaining the structural stability of the 5MY6 

receptor, whereas EPA may induce slightly more dynamic conformational behavior. 

 

S  

Figure 4.19. Rg analysis results graph of 5MY6 receptor-bound ligands in MD 

simulation. 
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Such stable Rg profiles indicate that the protein structure is thermodynamically 

stable and that the simulation was performed under appropriate conditions. They also 

provide important clues about the extent to which the protein maintains its structural 

stability in the presence of the ligand. 

 

Hydrogen bonds are critical to the stability of protein-ligand interactions. The 

number of H-bonds provides direct information about the degree to which the ligand 

maintains its position at the binding site and the strength of its affinity for the protein. 

In this analysis, bonds were evaluated with a threshold of 0.35 nm. 

 

As seen in Figure 4.20, Lapatinib formed an average of 2–5 hydrogen bonds 

over 50 ns, and at times, this number reached as high as 6–7. The high density and 

continuous formation of bonds demonstrate Lapatinib's strong affinity for the binding 

site and the high stability of the complex. This confirms that Lapatinib, as a reference 

drug, binds tightly and consistently to the target protein. 

 

 

Figure 4.20. Hydrogen bonding analysis results graph of 5MY6 receptor-bound 

Laptinib in MD simulation. 

 

An examination of Figure 4.21 reveals that the EPA molecule can form a 

maximum of 5 hydrogen bonds during the first 10 ns, but as the simulation progresses, 

this number generally fluctuates between 0 and 2. This suggests that EPA initially 

occupied a stable position in the binding site, but may have lost this position over time, 

moved away from the protein, or altered its binding geometry. The lack of continuity 



92 

 

of the hydrogen bonds suggests that this ligand's binding stability to the protein is 

limited. 

 

Figure 4.21. Hydrogen bonding analysis results graph of 5MY6 receptor-bound EPA 

in MD simulation. 

 

Figure 4.22 shows the hydrogen bonding analysis of the 5MY6-DHA complex 

during a 50 ns MD simulation. The number of hydrogen bonds fluctuates between 0 

and 4, with 1–2 bonds being the most frequent, especially in the first 30 ns. This 

indicates that DHA forms moderately stable interactions with the 5MY6 receptor, with 

occasional transient bonding. The presence of consistent hydrogen bonds suggests a 

flexible yet stable binding throughout the simulation. 

 

 

Figure 4.22. Hydrogen bonding analysis results graph of 5MY6 receptor-bound 

DHA in MD simulation. 

 

The comparison of hydrogen bonding patterns among Lapatinib, EPA, and 

DHA bound to the 5MY6 receptor shows distinct interaction profiles. Lapatinib forms 

the highest and most stable number of hydrogen bonds (up to 6), indicating strong and 
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consistent binding. EPA shows moderate bonding, mostly 1–3 bonds, which decrease 

over time. DHA forms the fewest and least stable hydrogen bonds, typically 1–2, 

declining after 25 ns. Overall, Lapatinib demonstrates the strongest hydrogen bond 

stability, followed by EPA, while DHA shows the weakest interaction with the 

receptor. 

 

 

Figure 4.23. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram Lapatinib 

interactions with the 5MY6 receptor 

 

Figure 4.23 illustrates the 2D ligand–protein interaction diagram of Lapatinib 

in complex with the 5MY6 receptor, generated via Discovery Studio, revealing a 

diverse and well-distributed interaction profile within the receptor binding site. The 

diagram shows several key hydrophobic interactions, including π-alkyl and π–π T-

shaped interactions (highlighted in pink and violet), formed with residues such as VAL 

A:25, PRO A:300, TYR A:303, and GLN A:297, which contribute significantly to the 

stabilization of the ligand within a largely nonpolar pocket. Conventional hydrogen 

bonds are observed between Lapatinib and residues such as GLN A:494, TYR A:303, 

and ASN A:488, indicating polar anchoring points that enhance binding specificity. 

Furthermore, carbon hydrogen bonds and van der Waals contacts with residues like 

ALA A:293, SER A:294, VAL A:296, and GLY A:292 suggest additional stabilization 

through close-range, non-directional interactions. A notable halogen bond involving 

the fluorine atom of Lapatinib is formed with THR A:488, underlining the contribution 

of halogen-mediated interactions to ligand affinity. The overall binding environment 

is composed of both polar and nonpolar residues, supporting a multifaceted binding 
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mechanism that integrates hydrogen bonding, hydrophobic forces, and halogen 

bonding. This interaction network underscores Lapatinib’s ability to adopt a 

conformationally favorable and pharmacodynamically relevant pose within the 5MY6 

receptor, potentially contributing to its therapeutic efficacy. 

 

 

Figure 4.24. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram EPA 

interactions with the 5MY6 receptor 

 

Figure 4.24 depicts the 2D ligand–protein interaction diagram of 

eicosapentaenoic acid (EPA) with the 5MY6 receptor, offering insight into the 

molecular basis of its binding profile as visualized through Discovery Studio. The 

interaction map reveals that EPA forms several key hydrophobic (π-alkyl) interactions 

with residues such as LEU A:465 and HIS A:490, suggesting that the ligand is 

accommodated within a hydrophobic sub-pocket of the receptor. Additionally, van der 

Waals interactions are formed with surrounding residues including VAL A:25, CYS 

A:26, THR A:27, TYR A:301, SER A:463, and GLY A:464, which contribute to non-

specific but stabilizing contacts that reinforce ligand positioning. A notable interaction 

is the involvement of ASN A:488, which appears to form multiple weak contacts with 

the ligand’s polar head region, possibly acting as an anchoring site. The interaction 

network, while less extensive than that observed with bulkier ligands like Lapatinib, 

indicates a moderate but favorable binding of EPA, predominantly stabilized by 

hydrophobic forces and weak polar contacts. This profile aligns with the typical 

behavior of fatty acid-based molecules, which rely more on hydrophobic compatibility 
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than directional polar interactions, and supports EPA’s potential modulatory role at 

this receptor site. 

 

 

 

Figure 4.25. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram DHA 

interactions with the 5MY6 receptor 

 

Figure 4.25 presents the 2D ligand–protein interaction diagram of 

docosahexaenoic acid (DHA) with the 5MY6 receptor, offering a structural 

perspective on its molecular binding characteristics as visualized through Discovery 

Studio. The interaction network is predominantly stabilized by hydrophobic 

interactions, including alkyl and π-alkyl contacts (highlighted in pink) with residues 

such as VAL A:25, LEU A:49, ALA A:440, LEU A:465, and LEU A:436, indicating 

that DHA resides within a nonpolar pocket of the receptor. These interactions play a 

key role in anchoring the long aliphatic chain of DHA. In addition, conventional 

hydrogen bonding is observed between the carboxyl group of DHA and HIS A:490, 

providing a crucial polar interaction that enhances the ligand’s binding specificity. 

Surrounding residues such as CYS A:26, PRO A:300, ASN A:488, and GLY A:464 

are involved in van der Waals interactions, offering supplementary stabilization 

through non-directional, close-range forces. The interaction profile indicates that 

DHA, like EPA, relies heavily on hydrophobic compatibility with the binding site, but 

the presence of a stabilizing hydrogen bond suggests a slightly enhanced affinity. 

Overall, the binding mode of DHA within the 5MY6 receptor supports its biological 
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relevance and potential modulatory function through a combination of long-chain 

hydrophobic anchoring and limited polar interaction. 

 

4.2.3. Molecular Dynamics Simulations with 7PCD 

First, the structural conformational changes of the 7PCD receptor, EPA, DHA 

ligands, and the reference drug Lapatinib were examined during the simulation period 

by calculating RMSD (root mean square deviation) values. This analysis was 

performed to assess how the molecules changed over time compared to their initial 

structure and whether they gained stability. 

 

Figure 4.26 compares the RMSD (root mean square deviation) values of the 

ligands (Lapatinib, EPA, and DHA) bound to the 7PCD receptor over time. RMSD is 

a frequently used parameter in molecular dynamics simulations to assess the structural 

stability and conformational changes of a ligand after binding to the receptor (Karplus 

and McCammon, 2002). 

 

The RMSD analysis of 7PCD receptor-bound ligands during the molecular 

dynamics (MD) simulation reveals differences in the structural stability of the ligand-

receptor complexes. Lapatinib exhibits the lowest and most stable RMSD values 

throughout the 50 ns simulation, indicating minimal deviation and high conformational 

stability when bound to the 7PCD receptor. EPA shows moderate fluctuations with 

slightly higher RMSD values, suggesting less stability compared to Lapatinib. DHA 

demonstrates the highest and most variable RMSD values, peaking around 0.7 nm, 

which indicates greater structural deviations and weaker binding stability. These 

results suggest that Lapatinib maintains the most stable interaction with the 7PCD 

receptor, followed by EPA, while DHA exhibits the least stable binding conformation. 
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Figure 4.26. RMSD analysis results graph of 7PCD receptor-bound ligands in MD 

simulation. 

 

These results reveal differences in the binding stability and conformational fit 

of the ligands. DHA appears to provide a more conformable and stable interaction with 

the receptor, while EPA exhibits a more flexible and potentially less stable binding 

state. Lapatinib, as the reference drug, provides moderate stability. 

 

Figure 4.27 shows the atomic-based RMSF (Root Mean Square Fluctuation) 

values of three different ligands (Lapatinib, EPA, and DHA) bound to the 7PCD 

receptor. RMSF is an important parameter used in molecular dynamics simulations to 

evaluate the time-dependent mobility and flexibility of individual atoms or amino 

acids (Kumar et al., 2015). 

 

Lapatinib (black line) shows moderate fluctuations throughout, with a few 

sharp peaks, particularly at terminal and loop regions, suggesting some localized 

flexibility. EPA (red) and DHA (green) both display slightly higher fluctuations in 

certain regions compared to Lapatinib, although the differences are not drastic. This 

may indicate that EPA and DHA induce slightly more flexibility in the receptor 

structure, particularly in loop or surface-exposed areas. Importantly, all ligands 

maintain RMSF values mostly below 0.4 nm, suggesting no major structural 

destabilization. 
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Figure 4.27. RMSF analysis results graph of 7PCD receptor-bound ligands in MD 

simulation. 

 

It has been reported in the literature that low RMSF values are generally 

associated with structural stability and tight binding (Amadei et al., 1993). The RMSF 

analysis suggests that binding of Lapatinib results in slightly lower atomic fluctuations 

compared to EPA and DHA, implying a more rigid and potentially more stable 

complex with the 7PCD receptor. 

 

Figure 4.28 illustrates the Radius of Gyration (Rg) analysis of 7PCD receptor-

bound ligands—Lapatinib, EPA, and DHA—during molecular dynamics simulation. 

The Rg values for all three complexes remain relatively stable throughout the 50 ns 

simulation, ranging between approximately 1.8 and 2.0 nm, indicating consistent 

compactness and structural integrity. Lapatinib (black line) exhibits a slightly higher 

Rg initially, suggesting a marginally less compact structure compared to EPA (red) 

and DHA (green), which show nearly overlapping and stable Rg profiles. Overall, 

these results imply that all ligands maintain a stable binding conformation with the 

receptor, with no significant unfolding or structural expansion observed, underscoring 

the structural stability of the receptor-ligand complexes during the simulation. 
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Figure 4.28. Rg analysis results graph of 7PCD receptor-bound ligands in MD 

simulation. 

 

The stability of the radius of gyration values indicates that the structural 

integrity of the ligand-receptor complex was maintained throughout the dynamic 

simulation period. In this context, it can be argued that the complexes formed by EPA 

and DHA with the 7PCD receptor are more stable and compact than those of Lapatinib. 

 

Hydrogen bond analyses show the change in the number of hydrogen bonds 

formed by the Lapatinib, EPA, and DHA ligands interacting with the 7PCD receptor 

over time. Hydrogen bonds are critical for the stability and specificity of ligand-

receptor interactions. 

 

Figure 4.29 examines the number of hydrogen bonds formed by the Lapatinib 

ligand with the 7PCD receptor. The graph shows that Lapatinib forms an average of 

2-4 hydrogen bonds within the complex, and these bonds are relatively stable 

throughout the simulation period. This suggests that Lapatinib forms strong and 

sustained interactions with the receptor. 
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Figure 4.29. Hydrogen bonding analysis results graph of 7PCD receptor-bound 

Lapatinib in MD simulation. 

 

Figure 4.30 shows the evolution of hydrogen bonds over time for the EPA 

ligand. EPA typically forms 1-2 hydrogen bonds, and the number of these bonds 

fluctuates more. This may indicate that EPA exhibits more flexible or variable 

interactions during binding. The lower number of hydrogen bonds compared to 

Lapatinib suggests that the binding may be relatively less stable. 

 

 

Figure 4.30. Hydrogen bonding analysis results graph of 7PCD receptor-bound EPA 

in MD simulation. 

 

Figure 4.31 presents the hydrogen bonding analysis of the 7PCD receptor 

bound with DHA during molecular dynamics simulation. The graph shows that the 

number of hydrogen bonds fluctuates between 0 and 3 throughout the 50 ns simulation 

period, indicating intermittent but persistent interactions. These hydrogen bonds 

contribute to the stabilization of the DHA ligand within the binding site. The relatively 
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consistent formation of hydrogen bonds suggests that DHA maintains stable contacts 

with the receptor, which is critical for effective binding affinity and complex stability. 

Overall, the hydrogen bonding pattern supports the potential of DHA as a stable ligand 

for the 7PCD receptor in the simulated environment. 

 

 

Figure 4.31. Hydrogen bonding analysis results graph of 7PCD receptor-bound 

DHA in MD simulation. 

 

Overall, hydrogen bond analyses reveal that lapatinib binds stably and 

continuously with the receptor, while EPA forms relatively fewer hydrogen bonds and 

is more flexible in binding, while DHA exhibits strong but variable interactions with 

a high number of hydrogen bonds. These findings provide important insights into the 

binding affinities and dynamic behaviors of the ligands. Supported by previous 

RMSD, RMSF, and radius of gyration (Rg) analyses, they enhance the understanding 

of the molecular interaction profiles and stability of the ligand-receptor complexes. 

 

 

Figure 4.32. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram Lapatinib 

interactions with the 7PCD receptor 
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Figure 4.32 illustrates the 2D ligand–protein interaction diagram of Lapatinib 

bound to the 7PCD receptor, as visualized through Discovery Studio, revealing a 

complex and well-coordinated binding pattern. The ligand exhibits multiple 

interaction types that contribute to its high binding affinity and specificity. Notably, π-

cation interactions are formed with LYS A:753, while conventional hydrogen bonds 

are established with ASP A:863 and GLY A:865, indicating strong polar interactions 

critical for anchoring the ligand within the active site. Additional carbon hydrogen 

bonds are observed with LEU A:796, ALA A:751, and THR A:798, further stabilizing 

the ligand through directional but weaker forces. A halogen bond involving the 

fluorine atom of Lapatinib interacts with GLY A:865, enhancing the ligand’s 

electrostatic complementarity with the receptor. Hydrophobic contacts are also 

prominent, including π–π T-shaped interactions with PHE A:864, and π-alkyl/alkyl 

interactions with residues such as LEU A:785, ILE A:767, VAL A:797, and LEU 

A:771, indicating the presence of a nonpolar pocket that accommodates the aromatic 

moieties of the ligand. Collectively, this extensive interaction network—comprising 

polar, hydrophobic, and halogen-mediated contacts—demonstrates a strong and 

specific binding mode for Lapatinib within the 7PCD receptor, supporting its role as a 

potent kinase inhibitor and highlighting the structural basis of its bioactivity. 

 

 

Figure 4.33. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram EPA 

interactions with the 7PCD receptor 
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Figure 4.33 presents the Discovery Studio 3D and 2D ligand–protein 

interaction diagrams illustrating the binding mode of EPA with the 7PCD receptor. In 

the 2D interaction diagram, EPA forms a specific conventional hydrogen bond (green 

line) with the ASP A:863 residue via its carboxyl group, indicating a key polar 

interaction anchoring the ligand within the binding site. Additionally, several 

hydrophobic interactions, including alkyl and pi-alkyl contacts, are observed with 

residues such as LEU A:796, PHE A:864, ALA A:751, LEU A:785, VAL A:797, LEU 

A:800, and MET A:774, which facilitate the stable positioning of EPA within the 

receptor’s hydrophobic pocket. These interactions play a crucial role in enhancing 

ligand affinity by complementing the shape and hydrophobic nature of the binding 

cavity. Furthermore, pi-alkyl interactions with residues like LYS A:753, LEU A:726, 

and THR A:798 contribute to the conformational accommodation of the ligand. 

Overall, these findings suggest that EPA exhibits a moderately stable and multi-faceted 

binding profile with the 7PCD receptor, engaging both polar and nonpolar residues to 

maintain structural complementarity. 

 

 

 

Figure 4.34. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram DHA 

interactions with the 7PCD receptor 

 

Figure 4.34 shows the Discovery Studio 3D and 2D ligand-protein interaction 

diagrams depicting the binding interactions of DHA with the 7PCD receptor. 

In the 2D interaction diagram, DHA forms a conventional hydrogen bond (green line) 

with the MET A:801 residue, indicating a strong polar interaction between the ligand 
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and receptor that helps stabilize the complex. Additionally, several hydrophobic 

interactions are observed, mainly in the form of alkyl interactions (pink lines) with 

residues such as LEU A:796, LEU A:785, LEU A:726, VAL A:734, LYS A:753, ALA 

A:751, and ARG A:849. These hydrophobic contacts suggest that DHA is well 

accommodated within a largely nonpolar binding pocket of the receptor, contributing 

to the overall binding affinity. There are also van der Waals interactions (light green 

circles) with various surrounding residues, which further enhance ligand binding by 

complementing the shape and surface of the receptor cavity. Overall, DHA exhibits a 

combination of specific polar interactions and extensive hydrophobic contacts, 

indicating a stable and favorable binding mode with the 7PCD receptor. 

 

4.2.4. Molecular Dynamics Simulations with 8U8X 

First, RMSD (root mean square deviation) values were calculated to examine 

the conformational changes of the EPA and DHA ligands and the reference drug 

Lapatinib interacting with the 8U8X receptor during the simulation period, and how 

they changed and stabilized compared to their initial structure was analyzed. 

 

Figure 4.35 presents the RMSD analysis of three ligands bound to the 8U8X 

receptor over a 50-nanosecond molecular dynamics simulation. RMSD measures the 

average deviation in the ligand’s atomic positions relative to its initial conformation, 

serving as an indicator of ligand stability and binding consistency during the 

simulation. 

Lapatinib exhibits the lowest RMSD values throughout the simulation, 

generally remaining below 0.25 nm. This suggests that Lapatinib maintains a highly 

stable interaction with the 8U8X receptor, with minimal conformational changes or 

displacement. Such stability is often correlated with strong binding affinity and 

favorable ligand-receptor interactions. 

 

EPA shows a moderate RMSD profile, with values starting low but increasing 

to around 0.4–0.5 nm after the initial 10–15 ns. This indicates that EPA undergoes 

some structural adjustments or flexibility when binding, but overall, it remains 

relatively stable in the receptor’s binding pocket. 
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DHA demonstrates the highest RMSD values, especially after 30 ns, reaching 

above 0.6 nm. This greater fluctuation implies that DHA is less stable within the 

binding site, possibly adopting multiple conformations or experiencing weaker 

interactions with the receptor. Such instability can suggest lower binding affinity or 

less effective inhibition potential compared to Lapatinib and EPA. 

 

 

Figure 4.35. RMSD analysis results graph of 8U8X receptor-bound ligands in MD 

simulation. 

 

In summary, this RMSD analysis highlights that Lapatinib forms the most 

stable complex with the 8U8X receptor, followed by EPA with moderate stability, 

while DHA displays significant conformational fluctuations. These findings provide 

valuable insights into the dynamic behavior of these ligands and can guide future 

optimization efforts for drug design targeting this receptor. 

 

Figure 4.36 shows the RMSF (Root Mean Square Fluctuation) analysis of 

ligands Lapatinib, EPA, and DHA bound to the 8U8X receptor during molecular 

dynamics simulation. RMSF measures the flexibility or mobility of individual atoms 

in the ligand over time, reflecting local fluctuations rather than overall conformational 

changes. 

 

The plot indicates that all three ligands display similar fluctuation patterns, 

with multiple peaks and troughs corresponding to flexible and rigid regions within 



106 

 

their structures. Most atoms exhibit low to moderate fluctuations, generally below 0.3 

nm, suggesting relatively stable binding and limited local flexibility. 

However, there are some distinct peaks where EPA and DHA show slightly higher 

fluctuations than Lapatinib, especially near atom indices around 1000, 3000, and 

towards the end of the sequence (~4500 atoms). These higher fluctuations imply 

increased local flexibility or movement in these ligand regions, which may affect 

binding stability or interaction strength. 

 

 

Figure 4.36. RMSF analysis results graph of 8U8X receptor-bound ligands in MD 

simulation. 

 

Overall, Lapatinib demonstrates slightly lower atomic fluctuations compared 

to EPA and DHA, indicating a more rigid and stable ligand conformation within the 

8U8X receptor binding site. The RMSF analysis complements the RMSD results, 

confirming that Lapatinib maintains stronger and more consistent interactions, while 

EPA and DHA show more dynamic behavior at the atomic level. 

 

The Rg plot compares the radial deviations, or "gyration radius (Rg)," of 

Lapatinib, EPA, and DHA ligands complexed with the 8U8X receptor during 

molecular dynamics simulations. The radius of gyration is a parameter that quantifies 

the spatial distribution of a protein’s atoms around its center of mass and serves as a 

key indicator for evaluating the overall compactness of the protein structure. The 

stability of the Rg value over time indicates that the system remains structurally stable 

and the protein maintains its compactness. 
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Figure 4.37 shows the radius of gyration (Rg) analysis of ligands Lapatinib, 

EPA, and DHA bound to the 8U8X receptor during the molecular dynamics 

simulation. The radius of gyration provides information about the overall compactness 

and structural stability of the ligand-receptor complex by measuring the distribution of 

atoms around the center of mass. 

 

In this graph, all three ligands exhibit very stable Rg values around 

approximately 2.0 nm throughout the 50 ns simulation, indicating that the ligands 

maintain their overall compactness without significant structural expansion or 

contraction. This suggests stable folding and consistent ligand conformations within 

the binding pocket. 

 

Among the ligands, EPA shows slightly lower Rg values compared to 

Lapatinib and DHA, suggesting a marginally more compact structure during the 

simulation. However, the differences between the ligands are minimal, and all three 

demonstrate stable behavior without large fluctuations or deviations. 

 

 

Figure 4.37. Rg analysis results graph of 8U8X receptor-bound ligands in MD 

simulation. 

 

Overall, the Rg analysis confirms that the ligands maintain their structural 

integrity and do not undergo major conformational changes during the simulation, 
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supporting the results of RMSD and RMSF analyses that showed ligand stability 

within the 8U8X receptor binding site. 

 

The hydrogen bond graphs show the number of hydrogen bonds formed during 

the complexation of the 8U8X protein receptor with the Lapatinib, EPA, and DHA 

ligands, and their change over time. Hydrogen bonds are a key determinant of protein-

ligand interactions and an important indicator of bond stability and affinity. 

 

Figure 4.38 examines the hydrogen bonds in the complex formed by the 

Lapatinib ligand with the 8U8X receptor. The observed number of bonds generally 

ranges from 1 to 2, and the bonds are quite stable throughout the simulation period. 

The notably low yet stable number of hydrogen bonds formed in the lapatinib complex 

indicates that these interactions are likely to be highly specific and strong, thereby 

contributing to the stabilization of the binding site in an optimized conformation. This 

is consistent with the known potent targeting effect of lapatinib. 

 

 

Figure 4.38. Hydrogen bonding analysis results graph of 8U8X receptor-bound 

Lapatinib in MD simulation. 

 

Figure 4.39 shows the hydrogen bond profile of the EPA ligand. It is observed 

that the number of bonds between EPA and the receptor fluctuates significantly over 

time, sometimes reaching as high as 6 to 8. This suggests that EPA exhibits a flexible 

binding pattern on the receptor surface, capable of entering different conformations 

and establishing hydrogen bonds at different locations. However, this also suggests 

that the system may be less stable in terms of binding, and the bonds may be transient. 
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In other words, EPA exhibits a structurally dynamic interaction pattern, forming more 

bonds but with shorter durations. 

 

Figure 4.39. Hydrogen bonding analysis results graph of 8U8X receptor-bound EPA 

in MD simulation. 

 

Figure 4.40 illustrates the hydrogen bonding analysis of DHA bound to the 

8U8X receptor during the molecular dynamics simulation. Hydrogen bonds are crucial 

for stabilizing ligand-receptor interactions, and their number over time indicates the 

strength and consistency of binding. 

 

The graph shows that DHA forms between 0 to 3 hydrogen bonds consistently 

throughout the 50 ns simulation, with most of the time maintaining 1 to 2 hydrogen 

bonds. This suggests relatively stable and persistent interactions between DHA and the 

receptor. Occasional spikes up to 6 hydrogen bonds indicate transient but strong 

bonding events that may enhance binding affinity at specific times. 

 

Figure 4.40. Hydrogen bonding analysis results graph of 8U8X receptor-bound 

DHA in MD simulation. 
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Overall, the presence of multiple, stable hydrogen bonds over the simulation 

indicates that DHA maintains good binding interactions with the 8U8X receptor, 

supporting its potential effectiveness as a ligand in this system. 

 

The comparison of hydrogen bonding interactions between the 8U8X receptor and 

the ligands Lapatinib, EPA, and DHA reveals distinct binding behaviors. Lapatinib 

exhibits the most stable interaction profile, consistently maintaining 1 to 2 hydrogen 

bonds throughout the 50 ns simulation with minimal fluctuations. This indicates a 

strong and steady binding affinity to the receptor. In contrast, EPA shows the highest 

variability in hydrogen bonding, with bond numbers frequently ranging from 0 to 7. 

Such fluctuation suggests a more dynamic but potentially less stable interaction with 

the receptor. DHA displays an intermediate profile, generally forming 1 to 3 hydrogen 

bonds, with moderate fluctuations. This implies a balance between stability and 

interaction flexibility. Overall, Lapatinib demonstrates the most stable binding, while 

EPA exhibits greater flexibility in hydrogen bonding, and DHA presents a moderate 

and balanced interaction pattern with the 8U8X receptor. 

 

 

Figure 4.41. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram Lapatinib 

interactions with the 8U8X receptor 

 

The 2D interaction diagram in Figure 4.41 presents the molecular interactions 

between Lapatinib and the 8U8X receptor, providing detailed insight into the binding 

characteristics of this tyrosine kinase inhibitor. The ligand engages in a rich network 
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of interactions, prominently featuring alkyl and π-alkyl interactions (highlighted in 

pink) with residues such as LEU A:726, LEU A:801, LEU A:856, and MET A:805, 

indicating that the ligand is deeply embedded within a hydrophobic binding pocket. 

Additionally, π-π stacking and π-sigma interactions are observed, notably with PHE 

A:868 and VAL A:777, contributing to the stability and orientation of the aromatic 

rings of Lapatinib. Importantly, hydrogen bonding interactions are established with 

residues like ASP A:867 and THR A:802, which enhance binding specificity and 

affinity through directional polar contacts. The ligand also forms a carbon hydrogen 

bond with ALA A:751 and a halogen bond with VAL A:777, due to the presence of a 

fluorine substituent, which further supports its binding strength. Residues such as GLY 

A:808, GLN A:803, and ASN A:854 are involved in van der Waals interactions, 

helping to stabilize the ligand in the receptor's active site. Overall, the interaction 

profile of Lapatinib within 8U8X reveals a well-optimized binding conformation, 

where hydrophobic interactions dominate but are complemented by specific polar 

contacts, consistent with its known efficacy as a targeted anti-cancer agent. 

 

 

Figure 4.42. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram EPA 

interactions with the 8U8X receptor 

 

The 2D ligand-protein interaction diagram shown in Figure 4.42 illustrates the 

molecular binding mode of the EPA ligand with the 8U8X receptor, visualized using 

Discovery Studio. The diagram highlights a rich network of predominantly 

hydrophobic (alkyl and π-alkyl) interactions, as denoted by pink dashed lines, with 

residues such as LEU A:800, LEU A:870, LEU A:804, MET A:805, and PHE A:868, 

indicating that the ligand is situated within a largely hydrophobic pocket. Additionally, 
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van der Waals contacts are observed with residues including VAL A:777, LEU A:873, 

and GLY A:808, suggesting further stabilization through close-range, non-specific 

interactions. Importantly, conventional hydrogen bonding is identified between the 

EPA ligand and SER A:787, which can contribute to both binding affinity and 

specificity. Carbon hydrogen bonds, albeit weaker, are also involved, as seen with ASP 

A:867. The structural positioning of polar and nonpolar residues around the ligand 

implies a complementary interaction surface, where hydrophobic moieties anchor the 

ligand and polar side chains orient it via specific bonding. This combination of 

interactions indicates a stable and favorable binding conformation for EPA within the 

8U8X receptor, supporting its potential as a bioactive compound in molecular docking 

studies. 

 

 

Figure 4.43. Discovery Studio 3D and 2D Ligand-Protein MDS Diagram DHA 

interactions with the 8U8X receptor 

 

Figure 4.43 illustrates the binding mode of a ligand within the active site of a 

protein, revealing a complex network of molecular interactions that contribute to 

ligand affinity and specificity. Predominantly, hydrophobic (alkyl) interactions -

indicated by pink dashed lines - occur between nonpolar ligand regions and 

hydrophobic residues such as LEU A:726, LEU A:735, and VAL A:789, stabilizing 

the ligand within the hydrophobic pocket. Additionally, conventional hydrogen bonds 

(green dashed lines) are observed with residues like ASP A:867 and SER A:864, 

enhancing binding specificity through directional interactions. A weaker carbon-

hydrogen bond is also present with GLY A:868, while surrounding residues such as 

ARG A:788 and PHE A:866 engage in van der Waals contacts, contributing further to 
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the overall stabilization. This interaction profile suggests a well-optimized ligand 

conformation, balancing polar and nonpolar contacts, typical of effective lead 

compounds in structure-based drug design. 

 

When the final frames obtained as a result of molecular docking and 

simulations are carefully examined, the common residues in Table 4.7 are shown. 

 

Table 4.7. Common residues found in Molecular Docking and Molecular 

Dynamics Simulations 

Receptors Lapatinib EPA DHA 

5MY6 ASN488, SER463, GLY464 

7PCD MET801, THR798, GLY804, PHE864 

8U8X GLY799, LEU785, ALA752 

 

 

Amino acid residues such as ASN A:488, SER A:463, and GLY A:464 are 

observed to bind commonly with all ligands in both docking and MDS results. These 

residues indicate that the binding pocket is structurally conserved and critical for 

interaction. ASN A:488, in particular, may provide stability by interacting frequently 

with ligands through hydrogen bonds. 

 

Lapatinib exhibits a more complex binding pattern, with both hydrogen bonds 

and pi-alkyl and pi-sigma interactions. This suggests that its pharmacophore structure 

has more rigid and versatile binding capacity. 

 

EPA and DHA bind primarily through hydrogen bonds and van der Waals 

interactions. While similar in their binding sites, they exhibit fewer interactions 

compared to Lapatinib. However, the similarity of the interactions formed after MDS 

to Lapatinib suggests that these ligands adapt to the binding site over time. 
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MDS last-frame analyses indicate that some bonds observed during docking 

undergo changes over time. This highlights the inadequacy of making decisions based 

solely on docking data and the importance of verifying these interactions with dynamic 

simulations. 

 

A comparative analysis of the 7PCD receptor with the ligands Lapatinib, EPA, 

and DHA after both docking and molecular dynamics simulation (MDS) revealed that 

some critical amino acid residues formed repetitive binding patterns with all ligands. 

 

According to the docking data, the ligand Lapatinib binds to the receptor with 

high affinity, forming numerous hydrogen and hydrophobic interactions, particularly 

with residues ALA751, LEU752, VAL754, ASP863, THR798, LEU800, MET801, 

LEU852, PHE864, and GLY804. Following MDS, it is observed that most of these 

bonds are preserved, and new residues such as LEU784, ALA789, and LEU785 also 

contribute to binding. This suggests that Lapatinib is highly stable in the binding site. 

 

Analyses conducted with EPA revealed that the bonds formed with residues 

such as THR798, MET801, LEU800, GLY804, and PHE864 during the docking phase 

were largely preserved after MDS, particularly with MET801, THR798, and GLY804. 

However, the binding profile was more flexible and widespread compared to 

Lapatinib, suggesting a less specific binding orientation. 

 

The DHA ligand similarly established docking interactions with ASP863, 

THR798, MET801, GLY804, and PHE864, preserving most of these bonds after 

MDS. It also appeared to contact residues such as LEU784 and ALA789. This suggests 

that DHA also secures a stable position in the binding site, but forms less oriented 

bonds than Lapatinib. 

 

Overall, based on both docking and MDS results, residues MET801, THR798, 

GLY804, and PHE864 stand out as key residues that bind with all ligands, are central 

to the binding site, and are decisive in ligand stability. Therefore, the design of novel 

inhibitors targeting these regions is critical for drug development efforts targeting the 

7PCD receptor. 
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Molecular docking and MDS analyses of the 8U8X receptor reveal that the 

ligands Lapatinib, EPA, and DHA target similar binding sites. Residues GLN801, 

GLY808, ASP863, and PHE864, in particular, stand out as key binding sites for all 

three ligands, providing common interactions in both docking and MDS analyses. 

 

Lapatinib's interaction profile indicates that it forms stable bonds with 

additional residues such as GLY799, LEU785, and ALA752 during both the docking 

and MDS stages. This suggests that Lapatinib may have stronger and more stable 

binding capacity. This binding profile of Lapatinib supports its high-affinity binding 

to the 8U8X receptor and its inhibitory effect. 

 

EPA and DHA exhibit similar interaction patterns, with binding to residues 

such as ARG784 and LEU785 being prominent. Although DHA has fewer interacting 

residues than EPA, it maintains stable binding, particularly with shared residues such 

as ASP863 and GLY808. This suggests that DHA has a certain stability toward the 

receptor, but does not exhibit as strong binding as Lapatinib. 

 

In conclusion, both docking and MDS results indicate that Lapatinib provides 

the strongest and most extensive interaction with the 8U8X receptor. EPA and DHA 

appear to interact with the receptor through more limited but shared binding residues. 

Residues GLN801, GLY808, ASP863, and PHE864, in particular, could be considered 

potential target sites for the 8U8X receptor. 

 

CHAPTER V. CONCLUSION AND SUGGESTIONS 

 

This master's thesis employed molecular docking and molecular dynamics 

simulations (MDS) to achieve a comprehensive atomic-level characterization of breast 

cancer. The study focused on evaluating the potential therapeutic effects of the omega-

3 fatty acids eicosapentaenoic acid (EPA) and docosahexaenoic acid (DHA), derived 

from krill oil, targeting HER2 receptors (5MY6, 7PCD, and 8U8X), which are known 

to play a pivotal role in breast cancer pathogenesis. These natural ligands were 

compared with the reference drug Lapatinib, widely used in breast cancer treatment. 
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Molecular docking results revealed that EPA and DHA exhibited strong 

binding affinity to HER2 receptors. These binding energies suggest that these 

compounds may act as inhibitors of target proteins, demonstrating their therapeutic 

potential. Docking analyses provided fundamental guidance for optimizing ligand-

receptor interactions and enabled the selection of the most suitable candidates. 

 

Subsequent molecular dynamics simulations offered valuable insights into the 

temporal stability and dynamic behavior of the ligand–receptor complexes. The 

structural integrity of the complexes was assessed using criteria such as gyration radius 

and hydrogen bonds, and it was observed that EPA and DHA formed stable 

interactions with the target receptors throughout the simulation period. This is a critical 

parameter for the efficacy of these compounds in a biological environment. 

 

The combination of these two methods not only increased the reliability of the 

results but also demonstrated in a multifaceted manner that EPA and DHA derived 

from krill oil could be a natural and effective treatment option against breast cancer. 

Compared to the reference drug Lapatinib, these natural ligands offer similar or 

complementary binding profiles, demonstrating promise. 

 

However, to translate these findings into clinical practice, they must be 

confirmed with in vitro cell culture experiments and in vivo animal models. These 

steps are crucial for demonstrating the efficacy and safety of EPA and DHA. If 

successful experimental results are obtained, evaluation of these compounds in clinical 

trials targeting breast cancer subtypes should be planned. 

 

Future studies investigating different omega-3 fatty acids or other biologically 

active compounds from natural sources other than krill oil could contribute to the 

discovery of a broader pool of natural drugs suitable for breast cancer treatment. 

Furthermore, the use of EPA and DHA in combination with existing chemotherapy 

drugs could be explored to investigate synergistic effects that could increase treatment 

efficacy and reduce side effects. 

 

Molecular dynamics simulations performed under various physiological 

conditions, such as pH and temperature, will help understand the stability of these 
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compounds against different environmental factors. Furthermore, integrating 

advanced computational techniques such as machine learning into these models could 

enable more accurate prediction of ligand-receptor interactions and accelerate the 

discovery of new potential drug candidates. 

 

Research carried out in accordance with these recommendations will reinforce 

the theoretical foundation for the use of natural compounds in breast cancer therapy 

and support the development of effective and safe novel treatment strategies. 
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APPENDIX 

 

Table A.1. Docking results for the 5MY6 receptor with Autodock Vina at 4 

different locations. 

Receptor CHEMBL Code 
Active Site Center 

20-
20-20 

30-
30-30 

40-
40-40 

Co-crystalised 
ligand position 

Abemaciclib CHEMBL3301610 -8,7 -8,6 -9,3 -8,7 

nab-paclitaxel CHEMBL428647 -11,2 -10,2 -10,2 -11,2 

everolimus CHEMBL1908360 -8,1 -11,2 -11,2 -11,2 

alpelisib CHEMBL2396661 -8,1 -8,1 -8,3 -8,1 

anastrozole CHEMBL1399 -7,1 -7,1 -6,5 -7,2 
pamidronatedi-

sodium 
CHEMBL676 -5,1 -5,2 -5,1 -5,1 

exemestane CHEMBL1200374 -8 -8 -7,9 -8 

capecitabine CHEMBL1773 -7,2 -7,1 -7,1 -7,1 

capivasertib CHEMBL2325741 -8,5 -8,6 -8,3 -8,6 
Cyclophosphamid

e 
CHEMBL1453 -5,2 -5,2 -5,2 -5,2 

doxorubicin_hydr
ochloride 

CHEMBL1486 -8,2 -8,2 -8,2 -8,2 

elacestrant_hydro
chloride 

CHEMBL4297509 -7,5 -7,5 -6,7 -7,5 

epirubicin_hydroc
hloride 

CHEMBL449442 -8,4 -7,9 -8,3 -8,4 

fluorouracil CHEMBL25 -5,1 -5,4 -5,4 -4,9 

fulvestrant CHEMBL2452 -7,6 -8,9 -8,8 -8,4 

letrozole CHEMBL1444 -6,8 -6,8 -6,8 -6,8 
gemcitabine_hydr

ochloride 
CHEMBL888 -6,7 -6,7 -6,9 6,7 

Trastuzumab CHEMBL1201505 -9,3 -9,2 -9,2 -9,1 

Palbociclib CHEMBL189963 -7,3 -8,1 -8,5 -7,3 

Inavolisib CHEMBL4286368 -8,4 -8,4 -8,3 -8,3 

Ixabepilone CHEMBL10318 -7,3 -7,3 -7,6 -7,3 

Lapatinib CHEMBL554 -9,1 -9,1 -9,1 -9 

Olaparib CHEMBL521 -9,3 -9,3 -9,4 -9,3 

MegestrolAcetate CHEMBL1928 -8,2 -8,2 -8,2 -8 
methotrexate_sodi

um 
CHEMBL198 -8,3 -7,8 -8,5 -8,1 

NeratinibMaleate CHEMBL18137 -8 -7,8 -7,9 -7,7 
talazoparib_tosyla

te 
CHEMBL3545119 -8,3 -8,2 -8 -8,3 

Thiotepa CHEMBL1201198 -4,6 -4,6 -4,6 -4,6 

Tucatinib CHEMBL3989868 -9,2 -10,6 -10,2 -9,1 
LapatinibDitosyla

te 
CHEMBL1201179 -8,9 -8,7 -9 -9 

ACregimen 
CHEMBL1486 + 
CHEMBL1453 

-8,2 -8,2 -8,1 -8,2 



129 

 

raloxifene_hydroc
hloride 

CHEMBL1069 -8,3 -8,1 -8,3 -8 

AC-480 CHEMBL2097617 -9,5 -9,6 -9,6 -9,4 

AEE-788 CHEMBL1201742 -8,9 -8,8 -9,2 -8,5 

Afatinib CHEMBL1749 -8,7 -8,7 -7,7 -8,2 

Allitinib CHEMBL2791551 -8,4 -9,4 -9,5 -9,4 

BMS-690514 CHEMBL1175221 -7,3 -7,4 -7,2 -7,3 

Canertrinib CHEMBL1463 -7,8 -7,9 -8,1 -7,7 

CP-724714 CHEMBL1614713 -8,7 -9,1 -9,1 -7,9 

CUDC-101 CHEMBL1201194 -7,2 -7,3 -7 -7,8 

Dacomitinib ChEMBL2105719 -8,7 -9,1 -8,6 -8,4 

JNJ-26483327 CHEMBL3545133 -7,6 -7,9 -7,8 -7,7 

Lapatinib CHEMBL554 -7,9 -9,1 -8,9 -8,2 

Masoprocol CHEMBL313972 -7,2 -6,9 -7,4 -7,2 

MP-412 CHEMBL2138625 -8,7 -8,3 -8,6 -8,3 

Mubritinib CHEMBL1614707 -7,7 -8,8 -8,3 -7,6 

Neratinib CHEMBL18137 -8,2 -7,9 -8 -7,9 

Pyrotinib CHEMBL3647420 -8,2 -8,5 -8,6 -8,4 

Sapitinib CHEMBL2408045 -8,4 -8,4 -7,9 -8,1 

Tak-285 CHEMBL1614725 -9 -9 -8,9 -8,6 

Tesevatinib CHEMBL3544983 -8,5 -9,3 -9,3 -8,1 

Tucatinib CHEMBL3989868 -9,5 -9,9 -9,9 -9,2 

Tuxobertinib CHEMBL4650279 -8,7 -9,2 -8,8 -8,6 

Varlitinib CHEMBL2103842 -8,9 -9 -8,9 -8,6 

EPA CHEMBL460026 -5,8 -5,7 -6,1 -6,2 

DHA CHEMBL367149 -4 -4,1 -4,1 -6,5 

 

Table A.2. Docking results for the 7PCD receptor with Autodock Vina at 4 

different locations 

Receptor CHEMBL Code 
Active Site Center 

20-
20-20 

30-
30-30 

40-
40-40 

Co-crystalised 
ligand position 

Abemaciclib CHEMBL3301610 -9,4 -10,3 -9,4 -10,2 

nab-paclitaxel CHEMBL428647 -12 -12 -11 -12 

everolimus CHEMBL1908360 -9,6 -9,7 -9,7 -9,7 

alpelisib CHEMBL2396661 -9,6 -9,6 -9,6 -9,6 

anastrozole CHEMBL1399 -6,9 -6,9 -6,8 -6,9 
pamidronatedi-

sodium 
CHEMBL676 -5 -4,9 -4,9 -5 

exemestane CHEMBL1200374 -8,6 -8,6 -8,6 -8,6 

capecitabine CHEMBL1773 -7,6 -7,7 -7,6 -7,6 

capivasertib CHEMBL2325741 -8,9 -8,9 -8,9 -8,8 
Cyclophosphamid

e 
CHEMBL1453 -5,2 -5,2 -5 -5,2 

doxorubicin_hydr
ochloride 

CHEMBL1486 -8,1 -8,7 -8,7 -8,7 
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elacestrant_hydro
chloride 

CHEMBL4297509 -8,3 -8,3 -8,3 -8,4 

epirubicin_hydroc
hloride 

CHEMBL449442 -8,1 -9 -8,8 -9 

fluorouracil CHEMBL25 -4,6 -4,6 -4,6 -4,6 

fulvestrant CHEMBL2452 -8,7 -8,8 -8,4 -8,5 

letrozole CHEMBL1444 -7,8 -7,8 -7,8 -7,8 
gemcitabine_hydr

ochloride 
CHEMBL888 -7,3 -7,2 -7,3 -7,2 

Trastuzumab CHEMBL1201505 -9 -9,1 -9,2 -9,1 

Palbociclib CHEMBL189963 -9,7 -9,8 -9,8 -9,8 

Inavolisib CHEMBL4286368 -9 -9,7 -9,8 -9,7 

Ixabepilone CHEMBL10318 -5,7 -8,3 -6,9 -8,3 

Lapatinib CHEMBL554 -11 -11,1 -10,7 -11 

Olaparib CHEMBL521 -11,5 -11,5 -11,6 -11,5 

MegestrolAcetate CHEMBL1928 -8,7 -8,7 -7,2 -8,7 
methotrexate_sodi

um 
CHEMBL198 -9 -9,1 -9 -8,9 

NeratinibMaleate CHEMBL18137 -9,7 -9,7 -9,7 -9,7 
talazoparib_tosyla

te 
CHEMBL3545119 -9,3 -9,3 -8,3 -9,3 

Thiotepa CHEMBL1201198 -4,1 -4,1 -4,1 -4,1 

Tucatinib CHEMBL3989868 -11,8 -11,8 -11,7 -11,8 
LapatinibDitosyla

te 
CHEMBL1201179 -11,1 -11 -11,1 -10,8 

ACregimen 
CHEMBL1486 + 
CHEMBL1453 

-8,1 -8,8 -8,7 -8,8 

raloxifene_hydroc
hloride 

CHEMBL1069 -9,3 -9,4 -9,3 -9,4 

AC-480 CHEMBL2097617 -10,3 -10,5 -10,5 -10,5 

AEE-788 CHEMBL1201742 -9,8 -9,9 -9,8 -9,9 

Afatinib CHEMBL1749 -8,7 -8,6 -8,7 -8,9 

Allitinib CHEMBL2791551 -10,4 -10,4 -10,3 -10,3 

BMS-690514 CHEMBL1175221 -8,4 -8,4 -8,6 -8,3 

Canertrinib CHEMBL1463 -8,6 -8,3 -8,6 -8,5 

CP-724714 CHEMBL1614713 -9,6 -9,7 -9,4 -9,6 

CUDC-101 CHEMBL1201194 -9,4 -9,2 -9 -9,4 

Dacomitinib ChEMBL2105719 -10 -10,1 -9,3 -10,1 

JNJ-26483327 CHEMBL3545133 -8,4 -8,5 -8,5 -8,5 

Lapatinib CHEMBL554 -10,8 -10,8 -9,7 -10,8 

Masoprocol CHEMBL313972 -8,3 -8,3 -8,3 -8,3 

MP-412 CHEMBL2138625 -9 -9,3 -9,3 -9,3 

Mubritinib CHEMBL1614707 -9,6 -9,6 -9,7 -9,6 

Neratinib CHEMBL18137 -9,9 -10 -9,9 -9,9 

Pyrotinib CHEMBL3647420 -10,7 -10,7 -9,7 -10,7 

Sapitinib CHEMBL2408045 -8,9 -8,9 -8,8 -8,9 

Tak-285 CHEMBL1614725 -10,1 -10,1 -9,9 -10,1 

Tesevatinib CHEMBL3544983 -9,1 -9,1 -9,2 -9,2 

Tucatinib CHEMBL3989868 -10,9 -10,9 -10,6 -10,9 



131 

 

Tuxobertinib CHEMBL4650279 -8,6 -9,4 -9,2 -9,4 

Varlitinib CHEMBL2103842 -9,3 -9,3 -9,5 -9,5 

EPA CHEMBL460026 -6,6 -7 -6,7 -7,1 

DHA CHEMBL367149 -3,5 -3,7 -3,6 -7,3 

 

Table A.3. Docking results for the 7PCD receptor with Autodock Vina at 4 

different locations. 

Receptor CHEMBL Code 
Active Site Center 

20-
20-20 

30-
30-30 

40-
40-40 

Co-crystalised 
ligand position 

Abemaciclib CHEMBL3301610 -11,6 -11,5 -11,6 -11,4 

nab-paclitaxel CHEMBL428647 -12 -11,4 -11,3 -11,4 

everolimus CHEMBL1908360 -6 -9,1 -11,6 -9 

alpelisib CHEMBL2396661 -10,8 -10,8 -10,8 -10,8 

anastrozole CHEMBL1399 -8 -8 -8,1 -8 
pamidronatedi-

sodium 
CHEMBL676 -5,3 -5,2 -5,4 -5,2 

exemestane CHEMBL1200374 -9,7 -9,7 -9,7 -9,7 

capecitabine CHEMBL1773 -8,4 -8,4 -8,3 -8,4 

capivasertib CHEMBL2325741 -9,9 -9,9 -8,5 -9,9 
Cyclophosphamid

e 
CHEMBL1453 -5,3 -4,8 -4,9 -4,9 

doxorubicin_hydr
ochloride 

CHEMBL1486 -7,6 -8,4 -8,4 -8,3 

elacestrant_hydro
chloride 

CHEMBL4297509 -8,7 -9,1 -9,3 -9,2 

epirubicin_hydroc
hloride 

CHEMBL449442 -7,9 -8,7 -8,6 -8,7 

fluorouracil CHEMBL25 -5,7 -5,7 -5,7 -5,7 

fulvestrant CHEMBL2452 -9,9 -10,1 -10 -10,3 

letrozole CHEMBL1444 -7,9 -7,9 -7,9 -7,9 
gemcitabine_hydr

ochloride 
CHEMBL888 -8,2 -7,3 -7,4 -8,2 

Trastuzumab CHEMBL1201505 -9,4 -9,8 -9,4 -9,5 

Palbociclib CHEMBL189963 -9,6 -10,4 -10,2 -10,4 

Inavolisib CHEMBL4286368 -9,9 -9,8 -9,8 -9,9 

Ixabepilone CHEMBL10318 2,5 -6,9 -7,5 -5 

Lapatinib CHEMBL554 -11,8 -11,8 -11,9 -11,8 

Olaparib CHEMBL521 -11,9 -12 -10,9 -12 

MegestrolAcetate CHEMBL1928 -9,3 -9,3 -7,4 -9,3 
methotrexate_sodi

um 
CHEMBL198 -10,4 -10,4 -10,5 -10,4 

NeratinibMaleate CHEMBL18137 -8,9 -9,1 -9,1 -9,2 
talazoparib_tosyla

te 
CHEMBL3545119 -7,6 -7,6 -8,5 -7,6 

Thiotepa CHEMBL1201198 -4,3 -4,2 -4,2 -4,3 

Tucatinib CHEMBL3989868 -12,7 -12,8 -12,6 -12,7 
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LapatinibDitosyla
te 

CHEMBL1201179 -11,8 -11,8 11,9 -11,8 

ACregimen 
CHEMBL1486 + 
CHEMBL1453 

-7,6 -8,4 -8,4 -8,3 

raloxifene_hydroc
hloride 

CHEMBL1069 -9,8 -9,7 -9,7 -9,6 

AC-480 CHEMBL2097617 -12,3 -12,4 -12,3 12,3 

AEE-788 CHEMBL1201742 -11,2 -11,2 -11,3 -11,3 

Afatinib CHEMBL1749 -9,3 -9,3 -9,2 -9,3 

Allitinib CHEMBL2791551 -11,3 -11,3 -11,3 -11,3 

BMS-690514 CHEMBL1175221 -9,1 -9,1 -9,1 -9,1 

Canertrinib CHEMBL1463 -9,3 -9,1 -9,1 -9,1 

CP-724714 CHEMBL1614713 -11 -10,9 -10,9 -10,9 

CUDC-101 CHEMBL1201194 -9,2 -8,5 -8,7 -9 

Dacomitinib ChEMBL2105719 -10,1 -10,1 -9,7 -10,1 

JNJ-26483327 CHEMBL3545133 -10,7 -10,7 -9,8 -10,6 

Lapatinib CHEMBL554 -11,8 -11,8 -11,6 -11,7 

Masoprocol CHEMBL313972 -9,2 -9,2 -9,2 -9,2 

MP-412 CHEMBL2138625 -9,9 -10,3 -10,3 -10,3 

Mubritinib CHEMBL1614707 -10,3 -10,2 -10,1 -10,2 

Neratinib CHEMBL18137 -9,1 -9,4 -9,4 -9,5 

Pyrotinib CHEMBL3647420 -9,4 -9,7 -9,6 -9,7 

Sapitinib CHEMBL2408045 -9,6 -8,9 -8,9 -8,9 

Tak-285 CHEMBL1614725 -11,1 -11,1 11,1 -10,6 

Tesevatinib CHEMBL3544983 -10,9 -10,9 11 -10,9 

Tucatinib CHEMBL3989868 -12,6 -12,6 12,6 -12,6 

Tuxobertinib CHEMBL4650279 -9,9 -10,3 -10,2 -10,3 

Varlitinib CHEMBL2103842 -10,4 -10,5 -10,4 -10,4 

EPA CHEMBL460026 -7,8 -7,7 -7,6 -7,7 

DHA CHEMBL367149 -4,3 -4,3 -4,3 -8,0 

 


