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Abstract 

The aim of the protein-excipient interactions and protein-protein interactions in formulation 

(PIPPI) consortium was to systematically investigate the physicochemical behavior of various 

protein and peptide therapeutics (PPTs), also called biologics. To achieve this, a combination of 

various biophysical characterization methods and in-silico tools were used. The overall goal of 

the PIPPI consortium was to develop an open-access free database, which would contain 

information about various properties of PPTs in different formulations. My aims, being part of 

the PIPPI consortium, were to bridge the molecular interactions observed in-silico with the data 

generated experimentally. PPTs are often characterized by high specificity and potency with low 

toxicity and therefore has interested many pharmaceutical industries wanting to develop 

medicines to treat severe human diseases. Long-term stability is one of the challenges in the 

formulation of biologics. Currently, a detailed molecular understanding of the effect of different 

physicochemical formulation conditions on the stability of biologics is sparse as molecular 

interactions are difficult to probe experimentally at a molecular level. Computational methods, 

such as molecular dynamics (MD) simulations, can provide insights about the molecular 

interactions on the single-molecule level. 

The PhD thesis describes fundamental research carried out to investigate the effect of pH and 

varying concentrations of different additives on diverse classes of PPTs. In the class of peptides, 

the wild-type plectasin (known as cysteine stabilized antimicrobial defensin) and three variants 

were investigated using molecular dynamics (MD) simulations in combination with microscale 

thermophoresis (MST) and nuclear magnetic resonance (NMR). The variants are i) Asn5Ser 

Asp9Ala Lys26Arg, ii) Asp9Ser Gln14Lys Val36Leu and iii) Asp9Asn Met13Leu Gln14Arg. 

Peptide secondary structures stayed intact during the 100ns MD simulations that were carried out 

at varying pH and ionic strength (NaCl). However, flexibility in the loop containing a distinct 

anionic tetrapeptide stretch close to the N-terminus increases with pH due to the change in 

electrostatics. Based on preferential interaction coefficient calculations, it is observed that sodium 

ions have a higher preference for the plectasin variants than chloride ions. The conformational 

stability of the plectasin variants are attributed to the presence of three cystines. Therefore, 

thermodynamic integration MD simulations supplemented with NMR chemical shift assays were 
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used to determine the order of cystines reduction. The order of reduction of cystines deduced 

from NMR results and MD simulations are in good correlation revealing that complete unfolding 

is only observed upon reduction of all cystines. Peptide-excipient interaction hotspots were 

deduced from MD simulations in combination with MST and NMR measurements. Arginine, 

histidine, Tris, and trehalose showed preferential binding to plectasin.  

In the classes of proteins, human serum transferrin (Tf) and the conjugate fusion protein human 

serum albumin–neprilysin (HSA-NEP) were examined. Combining small-angle X-ray scattering 

(SAXS) and MD simulations, conformational stability of Tf and HSA-NEP in various 

formulation conditions were studied. Tf consists of two homologous halves termed as N-lobe and 

C-lobe, respectively. The SAXS data for Tf showed that Tf prefers to exist in a partially open 

(PO) conformer (only N-lobe is open) at pH 5, and in the closed form (HO) above pH 5. In-silico 

studies showed that the main conformational drive from HO to PO conformers at pH below 5 is 

due to the protonation of Tyr188 and Lys206 that are located in the N-lobe. At higher pH, both 

residues are deprotonated and favorably interacts with the iron ion. Therefore, Tf prefers to be in 

the HO form. Furthermore, it is observed that only at low pH, chloride ions prefer to bind in the 

iron-binding cleft of the N-lobe. Thus, protonation of Tyr188 and Lys206 together with the 

binding of chloride ions in the iron-binding site of N-lobe has shown to drive the opening of the 

N-lobe at low pH. The addition of different excipients showed that excipient interactions with 

two specific loop regions can trigger the transformation from HO to PO conformers at low pH. 

With respect to HSA-NEP, the SAXS experiments performed at varying physicochemical 

conditions showed that the protein is predominantly present in four different conformational 

states having a distinct protein-protein interaction interface. Using in-silico approaches, such as 

free energy methods and surface electrostatics, it was observed that surface electrostatics is the 

driving force for the preference of different conformers in varying conditions. Overall, results 

from SAXS measurements and MD simulations are in good agreement providing a molecular 

understanding of the behavior of the proteins.  

The research findings presented in this thesis indicate the usefulness of combining in-silico and 

experimental techniques and that this approach can aid in designing new strategies for the 

formulation of biologics. 



VII | P a g e  

Resumé 
Målet med PIPPI konsortiet var systematisk at undersøge de fysisk-kemiske egenskaber af 

forskellige protein- og peptidlægemidler (PPT’er) også kaldet biologiske lægemidler. Dette blev 

opnået ved at kombinere forskellige biofysiske karakteriseringsteknikker med in-silico metoder. 

Yderligere var målet at udvikle en ’open-access’ database indeholdende information om 

forskellige egenskaber af PPT’er i forskellige formuleringer. Som en del af PIPPI konsortiet var 

min opgave at bygge en bro mellem molekylære vekselvirkninger observeret in-silico og 

eksperimentelle data. PPT’er er ofte karakteriseret ved høj specificitet og potens samt lav 

toksicitet, og den farmaceutiske industri har derfor en stigende interesse for PPT’er i forbindelse 

med udvikling af medicin til behandling af alvorlige sygdomme. Der er dog en række udfordringer 

ved biologiske lægemidler i forbindelse med produktion, fremstilling og optagelse i kroppen. For 

eksempel er langtidsstabilitet en fundamental udfordring i formuleringen af biologiske 

lægemidler. Der er en begrænset molekylær forståelse af forskellige fysisk-kemiske 

formuleringsbetingelsers effekt på stabiliteten af biologiske lægemidler. Computerbaserede 

metoder, såsom molekyldynamiske (MD) simuleringer, kan give indsigt i de molekylære 

vekselvirkninger på enkeltmolekyleniveau. 

Denne ph.d.-afhandling beskriver grundlæggende forskning i effekten af pH og tilsætning af 

forskellige hjælpestoffer i varierende koncentrationer på diverse klasser af PPT’er. Inden for 

peptidklassen blev vildtype og tre varianter af plektasin (kendt som et cysteinstabiliseret 

antimikrobielt defensin) undersøgt med MD simuleringer i kombination med mikroskala 

termoforese (MST) og kernemagnetisk resonans (NMR). Varianterne er i) Asn5Ser, Asp9Ala, 

Lys26Arg, ii) Asp9Ser, Gln14Lys, Val36Leu og iii) Asp9Asn, Met13Leu, Gln14Arg. Peptidernes 

sekundære stukturer forblev intakte i løbet af de 100 ns lange MD simuleringer, der blev udført 

ved forskellige pH værdier og ionstyrker (NaCl). Dog øgedes fleksibiliteten i et loop med en 

distinkt anionisk tetrapeptidstrækning tæt ved N-terminalen med stigende pH på grund af 

elektrostatiske effekter. Baseret på udregninger af præferentielle interaktionskoefficienter blev det 

observeret at natrium-ioner har større præference for at binde til plektasin varianterne end klorid-

ioner. Den konformationelle stabilitet af plektasinvarianterne skyldes tilstedeværelsen af tre 

cysteinbroer. Derfor blev termodynamisk integrations MD simuleringer suppleret med NMR 

kemisk skift forsøg til at bestemme rækkefølgen af cysteinbroernes reduktion. Der var god 
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overensstemmelse mellem reduktionsrækkefølgen bestemt med NMR og MD simuleringer, og det 

kunne konkluderes, at komplet udfoldning kun blev observeret ved reduktion af alle cysteinbroer. 

Peptid-hjælpestofs-vekselvirknings-hotspots blev deduceret fra MD simuleringerne i kombination 

med MST og NMR målinger. Arginin, histidin, Tris og trehalose viste stærkere binding til 

plectasin end de andre undersøgte hjælpestoffer. 

Inden for proteinklassen blev human serum transferrin (Tf) og det konjugerede fusionsprotein 

human serum albumin-neprilysin (HSA-NEP) undersøgt. Den konformationelle stabilitet af Tf og 

HSA-NEP blev undersøgt under forskellige formuleringsbetingelser ved en kombination af små-

vinkel røntgenspredning (SAXS) og MD simuleringer. Tf består af to homologe dele, som er 

navngivet henholdsvis N-lobe og C-lobe. SAXS data for Tf viste at Tf fortrinsvis eksisterer i en 

delvis åben (PO) konformation (kun N-lobe er åben) ved pH 5 og i en lukket (HO) konformation 

ved pH værdier over 5. In-silico studier viste, at den konformationelle ændring fra HO til PO 

hovedsageligt skyldes protonering af Tyr188 og Lys206, der befinder sig i N-lobe. Ved højere pH 

værdier er begge aminosyrer depronoterede og har favorable vekselvirkninger med jern-ionen, og 

derfor eksisterer Tf fortrinsvis i HO konformationen. Det viste sig ved tilsætning af forskellige 

hjælpestoffer, at vekselvirkninger mellem hjælpestofferne og to specifikke loopregioner kan drive 

transformationen fra HO til PO konformation ved lav pH. For HSA-NEP blev SAXS 

eksperimenter udført ved forskellige fysisk-kemiske betingelser, og det viste sig, at HSA-NEP 

overvejende eksisterer i fire forskellige konformationer med distinkte protein-protein 

interaktionsgrænseflader. Ved hjælp af in-silico metoder, såsom metoder til beregning af fri energi 

og overfladeelektrostatik, blev det observeret at overfladeelektrostatiske vekselvirkninger er 

drivkræfterne i præferencen for de forskellige konformationer under de undersøgte betingelser. 

Overordnet set er resultaterne fra SAXS målinger og MD simuleringer i god overensstemmelse 

med hinanden, og de giver en molekylær forståelse af proteinernes egenskaber. 

Forskningsresultaterne, der er præsenteret i denne afhandling, indikerer brugbarheden af at 

kombinere in-silico og eksperimentelle teknikker, og at denne tilgang kan bidrage til at designe 

nye strategier for formulering af biologiske lægemidler. 
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CHAPTER 1        Introduction 
1.1 Protein and peptide-based therapeutics 

The protein and peptide-based therapeutics (PPTs), also termed as ‘biologics’, has emerged 

significantly since the introduction of the first human biologics, human insulin derived from 

recombinant DNA.1 For simplicity, protein and peptide-based therapeutics will hereafter be 

referred to as PPTs. PPTs provide numerous unique treatments to several human disorders, such 

as diabetes, cancer, hemophilia, and myocardial infarction.2,3 By definitions, peptides are 

composed of less than 50 amino acids (AAs) that are linked via covalent bonds and tend to be less 

well defined.4 Whereas, proteins are long-chain polymers with more than 100 AAs, which are 

linked via covalent bonds and adopt complex conformations known as secondary, tertiary, and 

quaternary structures.4 Biologics have several advantages over small molecule drugs. First, 

biologics have inherent compatibility with the living systems, as opposed to small molecule drugs. 

As proteins form vital components for all biochemical pathways, biologics of natural proteins, or 

proteins with modified sequence (mutants), performs biological processes with a high degree of 

specificity, potency, and with low toxicity.5 Second, genetic disorders can be effectively treated 

with biologics in cases where gene therapy is not available.1 Further, Food and Drug 

Administration (FDA) approval time of biologics is faster as compared to small molecule drugs. 

In the past several decades, advances in genetic engineering and recombinant DNA technology to 

design new therapeutics have had a major impact on the health care systems, which is likely to 

take a further lead in the future. As of 2017, the peptide and protein drugs market is estimated to 

be around 10% of the entire therapeutic market, of which nearly 380 are protein therapeutics.6 In 

case of the peptide therapeutics market, there are over 50-60 marketed drugs, around 150 in clinical 

development and over 200 in different stages of clinical development.7 
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Many of the approved drugs, for instance, are in the therapeutic area of oncology, obstetrics, anti-

infective, cardiovascular, etc.6,7  

However, the formulation of PPTs often faces several challenges from the protein stability point 

of view, which for instance could affect toxicity, plasma half-life, and solubility. Some of the 

challenges are discussed in the following section. Therefore, the development of stable biologics 

requires a thorough understanding of the physical and chemical stability of target systems. 

1.2 Challenges and strategies to design formulation 

Protein therapeutics challenges 

The three-dimensional (3D) structure of proteins plays a key role in the proper functioning of the 

protein. Many proteins are structurally unstable in solution and are susceptible to conformational 

changes during purification, processing, and storage.8–10 Several factors (external or internal) play 

a role in protein instability. External factors include pH, temperature, additives (e.g. salt, 

excipients, and buffers), surface adsorption, and shear strain. Internal factors include mutations or 

other genetic modifications. Sometimes these factors lead to protein aggregation, unfolding, 

oxidation, disulfide bond shuffling, low solubility, short circulating half-life, denaturation, and 

other phenomena thus causing loss of biological activity.9,11,12  

Peptide therapeutics challenges 

Peptide drugs have increased proteolytic instability compared to large protein systems, such as 

monoclonal antibody therapeutics, which are protected from enzymatic cleavage due to variable 

electrostatic properties in the Fc fragment.13,14 In general, poor stability and short plasma half-life 

generally lead to peptide administration by injection, often several times a day.15 Moreover, 

peptide therapeutics face other major challenges.16 First, they exhibit maximal chemical instability, 

such as a high oxidation rate due to high solvent exposure. Unlike proteins, which adopt a native 

like fold, peptides adopt multiple conformers. This high degree of flexibility often leads to a high 

rate of deamidation.16 Further, peptides are amphiphilic in nature, which forms amphipathic 

secondary structural elements. For this reason, they tend to associate at hydrophobic regions as 

concentration increases, which further leads to complex physical instabilities such as gel 

formation.16 Other challenges as drugs include membrane impermeability, therefore, their 

application is limited to extracellular and transmembrane targets.7 Nevertheless, they are natural 
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agonists for many signal transduction pathways.17 Various strategies incorporated in the rational 

design of PPTs are briefly discussed.   

Strategies to design formulation 

Overall, the right screening of formulation conditions, that is buffer compositions, additives, and 

pH can control PPT challenges as described above. In the recent marketed peptide drug, calcitonin, 

it was shown that proper choice of pH and buffer resulted in improved stability.18 In addition, 

various solvent additives, also termed as ‘stabilizers/excipients’, have shown to enhance the 

stability of proteins and, hence prevent aggregation.19–23 Stabilizing effects from excipients 

generally come from weak or repulsive interactions with the protein surface. In the case where 

protein unfolding precedes aggregation, excipient interactions with the protein reduce aggregation 

by stabilizing the native-like protein fold. Examples of excipients include sugars, amino acids, 

polyols, and amines, and these excipients have been used interchangeably in the formulation. 

Among sugars, sucrose and trehalose have been used frequently in formulation, and their usage 

has shown to increase melting temperatures of PPTs and reduce aggregation.24,25 Other commonly 

used excipients like sugar glycols (sorbitol, glycerol, and mannitol) and amino acids (arginine, 

glycine, histidine, and proline) stabilize biologics by the act of preferential exclusion from the 

protein-water interface in solution.26 In addition, typically salts are present in formulations in the 

form of a buffer and may boost protein stability in solution by increasing the chemical potential 

and surface tension of the system.26 On the whole, it is crucial to understand protein-excipient 

interaction and further excipient effect on protein stability at varying physicochemical conditions. 

To address issues involved in formulation, and to develop fast screening methods to achieve 

potential formulation hits with a fewer screening of experiments a consortium was formed, termed 

‘PIPPI’. PIPPI involved nearly fifty professors/scientists representing various universities and 

pharmaceutical companies and 15 PhD students from around the world. A brief overview of the 

consortium and my project goals are discussed below.  

1.3 Goal of PIPPI 

In the Protein-excipient Interactions and Protein-Protein Interactions (PIPPI) consortium, a total 

of 21 distinct PPTs are present. Figure 1.3 depicts a pie chart that shows the different sets of PPTs. 

The goal of PIPPI was to combine systematic investigations of the physicochemical behavior of 

various PPTs with a comprehensive understanding of the molecular interactions behind the 
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macroscopic behavior. Further, the goal was to develop an open-access free database, which would 

contain information about various properties of PPTs in different formulations. To address this, 

various biophysical characterization techniques like static light scattering (SLS), dynamic light 

scattering (DLS), small-angle X-ray scattering (SAXS), differential scanning fluorimetry methods 

(DSF and nanoDSF), nuclear magnetic resonance (NMR), and in-silico approaches were 

incorporated. The focus of my PhD research was to provide a molecular understanding of the 

experimental results generated in the PIPPI consortium. In general, in-silico work enhanced 

understanding of the macroscopic behavior of proteins in various formulation conditions. 

 

 

 

 

 

 

 

 

 

 

Figure 1.3. Pie chart showing the distribution of various proteins and peptides in the PIPPI 

consortium. 

In general, the motivation to include in-silico methods to screen different conditions is to narrow 

the funnel to highlight potential formulation hits and save production cost and labor intensity. 

Normally, the in-silico approaches used to design PPTs are similar to methods used to design any 

other proteins. The role of computational techniques in PPTs development is multilayered. It often 

includes studies like PPTs design (homology modelling), drug-target or protein-protein interface 

identification (docking and free energy molecular dynamics (MD) simulation methods), and 

mutational studies to calculate energies to comprehend the effect of mutations on PPTs 

stability.27,28 During the course of the PhD, my study was mainly focused on wild-type plectasin 

and three variants, human serum transferrin (Tf), and the fusion protein of human serum albumin 
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and neprilysin (HSA-NEP). A brief introduction to each of the therapeutic systems and the mode 

of action is provided in their respective chapters, plectasin (Chapter 3), Tf (Chapter 4), and HSA-

NEP (Chapter 5). For the other 15 PPTs, a general screening protocol was developed to generate 

homology models at various physicochemical conditions. On the generated models, various 

molecular descriptors and electrostatic potential surface plots were generated in order to correlate 

with experimental findings.29 In-silico studies were kept as close as possible to the experimental 

setup to closely investigate different properties seen experimentally. Using constant pH MD30,31 

simulation approaches, the conformational stability of different therapeutics in various 

physicochemical conditions were investigated. Free energy methods such as linear interaction 

energy (LIE)32,33, molecular mechanics (MM) methods34, and computationally expensive but more 

accurate methods like thermodynamic integration (TI)35,36 were incorporated to investigate 

protein-excipient interaction hotspots and the binding affinities. Furthermore, phenomena like 

aggregation and physical stability were addressed using docking methods (FTMAP37 and 

GLIDE38), freely available servers designed to predict aggregation prone regions 

(AGGRESCAN39, TANGO40, and CAMSOL41), and simulations (LIE, MM methods) approaches.  
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CHAPTER 2         Theory 
2.1 Molecular docking  

Docking is a physics-based concept, by which two biomolecules could be modelled to interact 

with each other in an optimal manner, considering their shapes and charge complementarity of 

their putative interacting surfaces. In the absence of crystal or NMR structures of the receptor-

ligand complex, docking could be an alternate efficient choice for modelling 3D structure and 

evaluating the stability of the complex that determines the specific biological recognition.42–44 For 

molecular docking, the Grid-based Ligand Docking with Energetics (GLIDE) based approach was 

incorporated for the excipient docking to the peptide surface.38 

GLIDE estimates a close and complete systematic search for the conformational, orientational and 

positional space of the docked molecule.5 GLIDE uses a series of graded filters to search for 

possible ligand-binding sites on the receptor.5 It uses grid representation to define the shape and 

properties of the receptor to progressively score ligand poses. Docking studies can be employed to 

address two different aspects, first, to explore the conformational space of ligands that bind to 

target molecules. Second, to score these different poses according to their free energy of binding 

(∆G), which in turn is related to binding affinity. In any case, determining the structure of a target 

protein by NMR, X-ray crystallography or homology modelling is a significant initializing step in 

structure-based virtual screening, docking. In our work, 3D structures of proteins were either 

obtained from the protein data bank (PDB45) or modelled using Modeller46, and the 2D structures 

of the ligands were fetched from the ZINC47 database and prepared in different configurations 

using ligprep tool in the Schrödinger suite48.
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Types of Searching Method  

Different algorithms exist that are able to treat ligand flexibility and, to some extent, also the 

flexibility of proteins. There are three basic classifications to treat flexibility of a ligand: systematic 

methods (conformational search, databases); random or stochastic methods (Monte Carlo (MC), 

genetic algorithms); and simulation methods.49 GLIDE docking is a flexible ligand search method 

which incorporates the MC search method as described by Kitchen et al., 2003.49 In simple form, 

the steps involved in the search method are as follows: 

1. Generation of initial configuration of a ligand in a random conformation, translation, and 

rotation in the protein-binding site. 

2. Scoring of the initial configuration. 

3. Generation of a new configuration and scoring it. 

4. Using a Metropolis criterion to determine whether the new configuration is retained or 

discarded. The Metropolis criteria is briefly described in section 2.3 (if the generated new 

configuration is the new minimum, accept it. If it is not the new minimum, apply 

Boltzmann based probability function test. If the configuration passes the test, keep it; if 

not, the solution is discarded) 

5. Repetition of previous steps (3-4) until the desired number of configurations are obtained. 

Scoring function  

The evaluation and ranking of the predicted protein-ligand poses are achieved after scoring each 

of the poses in an attempt to estimate binding energies. There are three types of scoring functions: 

empirical based, force-field based, and knowledge-based. GLIDE incorporates an empirical based 

scoring function (eq. 1).38 It is based on counting the number of various types of interactions 

between the two binding partners or by calculating the change in solvent accessible surface area 

(ΔSASA) in the complex compared to the un-complexed ligand and protein. GLIDE has two 

forms, standard-Precision (SP) and Extra-Precision (XP). The SP is a ‘soft’ scoring function with 

no strict penalties, whereas the XP scoring function incorporates severe penalties for poses that 

violate principles of binding processes.38 The XP scoring function incorporates greater ligand-

receptor complementarity meaning high penalties are given if the ligand does not fit well into the 

binding pocket, which in turn reduces false-positives. 
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The empirical scoring function (Δ𝐺 ) in a simple form can be written as : 

Δ𝐺 = 𝑊 ∗ 𝐺  (1) 

where 𝑊  represents weighted coefficients, and 𝐺  represents different energy terms that account 

for the physics of the binding process such as lipophilic-lipophilic term, hydrogen bond terms, a 

rotatable bond penalty, and contributions from protein-ligand Coulomb-van der Waals (vdW) 

energies, and hydrophobic enclosure.38 Each energy term is explained in eq. 2. 

The modified empirical based ChemScore50 function (Δ𝐺 ) is obtained by the following 

equation: 

where each term represents different energy terms that account for the dynamics of the binding 

process. 𝑓, 𝑔, and ℎ are functions for angles (𝛼) or distances (𝑟), which give a full score of 1 if the 

distances or angles are within the nominal limits (0.25Å for distances and 30o for angles); 

otherwise, it gives a partial score (0-1) that tails off to zero in a linear order as distance or angles 

drift away from the nominal limits. The first energy term is for lipophilic-lipophilic interactions 

overall lipophilic ligand-receptor (lr) atom pairs. The second, third and fourth terms are hydrogen 

bonding (hbond) terms, with each term weighted differently depending on whether the donor and 

acceptor atom pairs are both neutral, one is neutral and the other is charged, or both charged, 

respectively. The fifth term is for metal-ligand (lm) interactions, which considers the single best 

Δ𝐺 = 𝐶 ∗ 𝑓(𝑟 ) + 

𝐶 ∗ 𝑔(𝛥𝑟) ∗ ℎ(𝛥𝛼) + 

𝐶 ∗ 𝑔(𝛥𝑟) ∗ ℎ(𝛥𝛼) + 

𝐶 ∗ 𝑔(𝛥𝑟) ∗ ℎ(𝛥𝛼) + 

𝐶 ∗ 𝑓(𝑟 ) + 

𝐶  ∗ 𝐻 + 

𝐶  ∗ 𝑉  + 

𝐶  ∗ 𝐸 + 𝐶  ∗ 𝐸  + solvation terms (2) 
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interaction when more than one lm interactions exist. The sixth term is for the rotatable bond 

penalty. The seventh term is to reward occurrences of any polar but not-hydrogen bonding atom 

in the hydrophobic region. The eighth and the ninth terms correspond to the contributions from the 

Coulomb and vdW interaction energies between the receptor and the ligand, respectively. The last 

term of the equation accounts for solvation of the ligand and the receptor. The corresponding 

weighted coefficients (𝐶) are determined by fitting the binding affinity data obtained theoretically 

to the experimental data of a training set of protein–ligand complexes with known 3D structures. 

This scoring function is much faster in binding score calculations due to its simple energy terms.38  

2.2 Molecular dynamics simulations 

Molecular dynamics (MD) simulations of proteins came to limelight over 30 years ago.51 Since 

then, MD simulations have been extensively used to study various macromolecules such as 

proteins, nucleic acids, lipids, polymers, etc.52 Often times, molecular details, which are difficult 

to probe experimentally, are predicted using simulation techniques. Simulations help in 

understanding the details of macroscopic assemblies and the microscopic interactions between 

macromolecules. For example, today, simulations are used to probe conformational changes, free 

energy landscapes of macromolecules to understand stability and dynamics. Furthermore, they are 

extensively used in drug discovery and optimization.52–54 Thus, simulations form the bridge 

between theory and experiments. The result of a simulation is a trajectory file of a certain time 

scale (ranging from tens to hundreds of nanoseconds), and with mounting technology such as GPU 

acceleration or coarse graining methods, it is now possible to simulate in microsecond timescale. 

In the following sections, theory about the simulations and different analyses that can be carried 

out to study conformational stability of proteins will be discussed.  

In simple terms, MD simulation is a method to integrate classical Newton’s equations of motion 

with different integration algorithms in order to advance the system over discrete time steps.55 In 

MD, the specific form of the potential energy function 𝑈 is given as a force field (FF), where 𝑈 is 

broken down into various interaction terms that define a given bimolecular system (Figure 2.2.1). 

Examples of some of the most commonly used FFs are AMBER56,57, GROMOS58, CHARMM59,60, 

and OPLS61. Overall, all FFs have similar functional form.52,62 The potential energy function 𝑈 as 

a function of distance (𝒓) between two atoms is divided into two parts: bonded and nonbonded 
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interaction terms. The former term includes the bond, angle, dihedral and improper energy terms, 

while the latter includes the vdW and electrostatic (elec) interaction terms (eq. 3).52 

   

   𝑈 = 𝐾 (𝑏 − 𝑏 ) + 𝐾θ(θ − θ ) + 

𝐾 (𝜒 − 𝜒 ) + 𝐾 [1 + 𝑐𝑜𝑠 (𝑛𝜑 − 𝛿)] 

+ εij

𝜎

𝑟
− 2

𝜎

𝑟
+

𝑞 𝑞

4𝜋εo𝑟
 

 

 

 

 

 

 

 

(3) 

The bond, angle and improper energies terms are calculated in a similar manner. The binding force 

constants for bond, angle and improper angle are 𝐾 , 𝐾θ and 𝐾 , respectively. Deviation from the 

equilibrium bond length, angle, and improper angle are represented as (b − b ), (θ − θ ) and (𝜒 −

𝜒 ), respectively. The dihedral term is calculated from the rotational barrier constant around the 

bond B-C (Figure 2.2.1C), 𝐾 , phase, 𝛿, and periodic rotation term, n. The fifth term is the vdW 

energy function obtained using the Lennard-Jones potential, where  εij represents depth of the 

energy minimum, 𝜎  is the distance between two atoms (i and j) when the Lennard-Jones potential 

equals zero. The last term represents the electrostatic interaction energy between the two non-

bonded atoms with atomic charges 𝑞  and 𝑞 , and εo is the vacuum permittivity.  

The vdW and elec terms dependency on 𝑟 is 𝑟 -6 and 𝑟 -1, respectively. The vdW term is considered 

short range, while the elec term is considered long range due to slower decay. Generally, a cutoff 

of 8-12 Å is used for the vdW term, and interactions beyond the cutoff are neglected. However, 

the same cutoff criteria cannot be used for the elec terms as they easily extend beyond this cutoff 

and usually lead to substantial errors. To resolve this issue, methods such as Ewald summation and 

Particle mesh Ewald (PME)63 are routinely used to calculate the elec interaction term more 

efficiently in periodic systems.52 To do this, for every point charge in the system, a neutralizing 

charge distribution is introduced and the resulting electrostatic potential now decays faster than 

𝑟 , for which, cutoff schemes can be used once again. The difference between the two methods 

is briefly discussed in the following. 
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In Ewald summation, the long-range elec interaction term is divided into two parts: a short-range 

contribution and a long-range contribution. A single summation of the two contributions is 

performed. The short-range contribution is calculated in the real space and decays fast, which is 

negligible beyond a certain cutoff distance. Whereas, the long-range contribution is calculated in 

the reciprocal space using a Fourier transform (FT), which decays smoothly for all distances, r. In 

the case of PME summation, the reciprocal-space term of the Ewald summation is calculated using 

the discrete Fast-Fourier transforms (FFT). Instead of the direct summation of the short-range (real 

space) and long-range (Fourier space) contributions, two independent summations are performed. 

Both the summations converge quickly in their respective spaces (real and reciprocal), thereby, 

they may be truncated with little loss of accuracy.64 Thus, PME summation reduces the 

computational cost from the order of 𝑂(N3/2) to 𝑂(𝑁logN). 

 

 

 

 

 

 

 

 

Figure 2.2.1. Schematic representation of the potential energy (𝑈) terms in a FF. Mathematically, 

dihedral and improper interaction terms involve four atoms, and are defined as the angle between 

the plane containing the first three atoms (A, B, C) and the last three atoms (B, C, D). Dihedral is 

about the bond rotation around the two atoms (B and C), for example backbone dihedrals. Whereas, 

the improper term controls the planarity of the four atoms, in case of proteins the planarity of the 

peptide bond. 

The application of Ewald and PME summation requires periodic boundary conditions (PBC) that 

avoids finite-size effects.52 Under PBC, a box containing the original simulating system is 

replicated endlessly throughout space to form an infinite lattice. Further, any atom leaving the 

original box from one side will enter from the opposite side from the neighboring box (Figure 
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2.2.2). Typically, the simulation box is cubic, octahedral or dodecahedral and choice of the box 

depends on the system that is to be simulated. PBC allows elimination of surface effects from the 

finite sized system since no atom is present on the surface of an infinite lattice. On the other hand, 

artificially introduced PBC also eliminates long-wavelength fluctuations that could affect 

solvation energy.65 Regardless of these artifacts, PBC is considered to have negligible impact on 

the thermodynamic properties.66 

 

 

 

 

 

 

 

 

Figure 2.2.2. Schematic representation of the PBC. The original simulation box (blue) at the center 

is replicated throughout the space to form an infinite lattice. Here, only eight replicas are shown 

for clarity. 

As discussed above, using eq. 3, we can calculate the potential energy of the system using the 

atomic coordinates of the considered system. Now, suppose a system is composed of N interacting 

atoms, which has a set of 3N atomic coordinates as 𝒓𝑵= (𝒓 , 𝒓 , 𝒓 , … 𝒓 ), and potential energy as 

𝑈 = (𝑈 (𝒓𝑵), 𝑈 (𝒓𝑵), 𝑈 (𝒓𝑵), … 𝑈 (𝒓𝑵)). The next step is to derive other entities (velocities, 

time, and forces) on all the atoms in a time evolution manner. Given the potential energy of every 

atom (𝑖), the force, and acceleration of an atom of mass 𝑚  at position ′𝒓 ′ is calculated as follows: 

 − 
∂𝑈

𝜕𝒓
=  𝒇𝒊 = 𝑚

∂ 𝒓𝒊

∂t
  (4) 
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Further, atomic Cartesian momenta (𝒑 = 𝑚 𝒗 ) can be calculated for every atom, from which the 

kinetic energy (𝐾 ) of the system can be attained. Now, the overall Hamiltonian energy (H) is 

simply the sum of the potential and kinetic energy terms.  

Phase space is a 6N-dimensional space (that precisely describes the Hamiltonian system) in which 

the positions and momenta of all atoms in the system are represented as coordinates. Then at any 

given time, the system corresponds to a point in this multidimensional space, which represents the 

microscopic state.52 The time evolution of the system is a sequence of points corresponding to a 

trajectory in the phase space. The different microscopic states with the identical macroscopic or 

thermodynamic state (for example: energy E, pressure P, temperature T, number of particles N, 

volume V) constitute a statistical ensemble, which can be considered as replicas of each other. An 

ensemble average can be calculated by averaging over all systems of the ensemble.  

The time evolution of different entities, such as velocities, forces, and coordinates can be obtained 

from different numerical algorithms. Examples of various numerical algorithms to integrate the 

equations of motions include Verlet67,68, Leap-frog’s integration69, and Beeman’s70–72. Briefly, the 

velocity form of the Verlet algorithm will be discussed (NVE ensemble). 

 𝑉 ∆  =𝑉 +
∆

𝑀 𝐹   (5) 

 𝑋 ∆  =𝑋 + ∆t𝑉 ∆   (6) 

 𝐹 ∆  =𝐹(𝑋 ∆ )  (7) 

 𝑉 ∆  =𝑉 ∆ +
∆

𝑀 𝐹 ∆   (8) 

In eq. 5-8, the goal is to calculate for all atoms, the velocities 𝑉 ∆ , forces 𝐹 ∆ , and coordinates 

𝑋 ∆  at time step 𝑡 + ∆t, given the corresponding values at time step 𝑡. As shown above (eq. 5), 

𝑉 ∆  is calculated first, followed by 𝑋 ∆ . Now the potential energy of the system at time step 

𝑡 + ∆t is attained using eq. 5 and corresponding new forces are calculated (eq. 7). Finally, 𝑉 ∆  is 

obtained by incrementing the time step by half. An important point to note is the time step (∆t) 

when the integration should be performed. Ideally, a time step of ~10-15 fs is chosen to allow for 

accurate evaluation of fast motion of the system, such as bond stretching. Using constraint 

methods, such as the SHAKE73 algorithm, the bond lengths can be kept fixed and the time step 

can be increased from 1 to 2 fs. Since in these equations the total energy (H) of a system is 
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conserved, the phase space distribution generated above is that of a microcanonical (NVE) 

ensemble. Different ensembles can be applied to MD simulation, where different macroscopic 

properties are chosen as constraints, such as nanocanonical (NVT), and isothermal-isobaric 

(NPT).52 Generally, MD simulations of different ensembles can be controlled by various 

thermostats (NVT) and barostats (NPT). Some of the examples of barostats include the Nose 

Hoover barostat74–76, the Berendsen barostat77, and the Langevin piston method78. Examples of 

thermostats to control temperature include velocity rescaling79, weak coupling method77, and 

stochastic methods that mimic the behavior of a thermal bath such as the Langevin equation80, or 

Nose Hoover dynamics76.  

Implementation of any barostat method requires the calculation of a system property called the 

virial.81 The virial is defined as the sum of two terms, a kinetic energy (K) term, and an internal 

residual contribution term. 77,82,83 The former term pushes the system V outwards, whereas the 

latter term pushes V inwards. In simple terms, the virial can be converted into an instantaneous 

pressure, 𝑃 , state as follows:  

 𝑃  = (𝐾 − 𝑊) = (𝐾 + ∑ 𝒓 𝒇 )  (9) 

 μ =1 −
∆

(𝑃 − 𝑃 )  (10) 

where W represents the internal virial for pair-additive potentials. Subsequently, 𝑃  is used to 

proportionally scale coordinates and box dimensions in order to bring 𝑃  close to the required 

external pressure (𝑃 ). In eq. 10, μ is the scaling factor, 𝛽 is the isothermal compressibility, ∆𝑡 is 

the time step and 𝜏  is the time constant. Further, the classical equations of motions are modified 

to include μ in order to derive other entities (coordinates and box dimensions). In a similar manner, 

systems can be maintained at a constant temperature by coupling the system to an external heat 

bath.77  

2.3 Constant pH MD simulations in explicit solvent 

Several biological processes, such as enzymatic reactions, transportation of biomolecules, protein 

dynamics (folding and unfolding), depend on the solvent pH.84–86 Generally, these changes are 

brought by changes in the protonation state of the titratable residues, which further leads to changes 

in the charge distribution in the protein that eventually causes changes in the protein dynamics and 
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function. Therefore, in the interest of this, the constant pH MD (CpHMD) method was developed 

to enable concurrent sampling of both conformational space and protonation states.31  

Since the MC simulation approach is utilized in CpHMD, a brief introduction to MC is provided 

for a better understanding of the CpHMD protocol. The MC method generates configurations 

randomly and uses a specific set of criteria such as metropolis to evaluate different configurations 

in order to accept or reject.87 In the Metropolis method, the generation of configurations is biased 

towards those states that make the important contribution, which is low energy states. The new 

configuration (proposed) is accepted if the energy is lower than the current state. If not, the 

Boltzmann factor is calculated, which is defined as follows: 

 𝑒 ∆ /  (11) 

∆E is the energy difference between the two states calculated using the MM approach. The 

Boltzmann factor is compared to a random number between 0 and 1, and if the Boltzmann factor 

is larger than the random number then the new configuration is accepted, and the proposed 

configuration becomes the current state for the next perturbation step. If the Boltzmann factor is 

lower than the random number, the old (current) configuration is kept.87 

The CpHMD method is a hybrid of MD and MC simulations, where after a chosen number of MD 

steps, simulation is halted, and the MC step is performed. All-atom MD is utilized to sample the 

phase space, whereas MC is used to sample the different protonation states.31,30 CpHMD can be 

performed in implicit as well in explicit solvent. The shortcoming of using implicit solvent is that 

the Generalised Born (GB) implicit solvent model yields poor pKa predictions due to unrealistic 

samplings of the system under consideration.30 On the other hand, explicit solvent CpHMD 

involves classical MD in explicit solvent followed by a change in protonation state attempted by 

the MC method at fixed intervals using GB implicit solvent.30 In the MC step, protonation states 

of titratable residues are changed in a random fashion. The energy difference between the old and 

the new protonation state is then calculated to determine if the new protonation state should be 

accepted. The energy difference for this transition (∆𝐺 )86 is calculated as follows: 

 ∆𝐺 = 𝑘 𝑇 𝑝𝐻 − 𝑝𝐾 , 𝑙n10+∆𝐺 − ∆𝐺 ,  (12) 

In the above equation, ∆𝐺 ,  is the free energy difference in electrostatics for a model 

compound for which 𝑝𝐾 (𝑝𝐾 , ) is known. ∆𝐺  is the analogous free energy difference in 
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electrostatics that accompanies the change in protonation (old and new state) that is calculated with 

respect to ∆𝐺 , . The pH value is the same as the value at which the simulation is conducted.31 

The new state is accepted depending on the application of the Metropolis criterion to the 

computed ∆𝐺 . If ∆𝐺  for the new protonation state is lower than the current 

protonation state, then the new state is accepted, otherwise, the Boltzmann factor is used (eq. 11). 

Further, the MD simulation is performed for a number of steps until it is halted again and a MC 

step is performed. This step is repeated throughout the simulation. A brief overview of the steps 

involved in explicit solvent CpHMD is given in Figure 2.3.1.30  

Figure 2.3. Steps involved in explicit solvent CpHMD.30 

In our studies, the explicit solvent CpHMD protocol was utilized as described above (Figure 2.3) 

mainly to study as a function of pH the effects of change in protonation states of titratable residues 

on protein dynamics. The choice of water models was based on what was routinely used in similar 

studies.88,89 All biomolecular systems were simulated long enough to have converged RMSD for 

over 50 ns. These calculations can be computationally expensive depending on the number of 

titratable residues. Therefore, only essential residues, that is, residues at the protein-protein 

interaction interface, or at the binding site, were titrated during the simulation. Otherwise, the 
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protonation states were assigned using H++90 and kept fixed during the simulation. A brief 

overview of the steps involved in setting up MD simulations are discussed below. In cases, where 

the 3D structures were already available, they were obtained from the PDB45. In the absence of 

any experimentally resolved 3D structure, homology models were generated using Modeller46 

utilizing suitable template crystal structures. These structures were used as the starting structure 

for MD simulations in Amber 16.91 Classical all-atom MD simulations in explicit solvent were 

carried out using the amber force field ff99SB92 for proteins with the Amber 16 program. The 

protein was solvated in a truncated octahedron water box having a 15 Å cutoff in all directions and 

water molecules were represented using the TIP3P93 water model. The system was neutralized 

accordingly using either Na+ or Cl- ions depending on the overall charge. The PME method63 was 

incorporated to determine the non-bonded electrostatics energies with a real-space cutoff of 8 Å. 

The system was minimized for 5000 steps with the first 1500 steps run using the steepest descent 

method followed by the conjugate gradient method. For a duplicate run, the number of steps for 

steepest descent minimization was changed. Successively, the system was heated linearly from 10 

K to 300 K using a Langevin thermostat94 with a collision frequency of 5 ps−1 for 1 ns. The systems 

were then equilibrated for 4 ns with coordinates saved every 5 ps at constant temperature (300 K) 

and pressure (1bar). Berendsen barostat77 was used to control pressure dynamics. Finally, 

production simulation was run for 100 ns and coordinates were saved every 10 ps. Various 

analyses were performed using CPPTRAJ95 in Amber 16, some of which are discussed below.  

2.3.1 Clustering 

Clustering is a means of grouping similar objects into one cluster. It is the most common 

unsupervised learning method used for exploratory data analysis to find hidden patterns in data. In 

the perspective of MD simulations, conformations generated over time are grouped into distinct 

clusters depending on the conformational similarity. Many clustering algorithms use distance 

metrics as a measure of similarity. In this study, the agglomerative hierarchical clustering 

approach, also termed as the ‘bottom-up’ approach has been incorporated (Figure 2.3.1). In the 

beginning of the clustering analysis, each data point is treated as a singleton cluster and then the 

nearest clusters are successively merged as one moves up the hierarchy until all clusters have been 

grouped into one single cluster.96,97 The cluster proximity is defined based on average-linkage, the 

inter-cluster distance is defined as the average distance (d) measured between every data point 
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from one cluster to all points in the other cluster. The two clusters with the least d are merged 

together, and this step is repeated until the desired number of clusters is obtained. 

 

 

 

 

 

 

Figure 2.3.1. Schematic representation of a clustering approach. A. The agglomerative clustering 

approach and B. The average-linkage clustering method. In our study, The agglomerative 

clustering approach with an average-linkage distance method was used. 

2.3.2 Principal component analysis  

Principal component analysis (PCA) also called essential dynamics or covariance analysis is 

frequently used to explore the dynamics of biomolecules and its relation to their function.98,99 

Consider a system of N atoms, the covariance matrix (𝐶) of the atomic coordinates is described as 

follows:  

 𝐶 = (𝑥 − ⟨𝑥 ⟩) 𝑥 −  𝑥  (13) 

𝐶 represents a covariance matrix, angled brackets⟨ ⟩ denote an ensemble average, and 𝑥  and 𝑥  

represents the Cartesian coordinates of atoms i and j, respectively.  

PCA components are obtained using the covariance matrix as follows:  

 𝐴 𝐶𝐴 = 𝜆 (14) 

where 𝐴 is the matrix of eigenvectors, whereas, 𝜆 is the diagonalized matrix of eigenvalues. Hence, 

when the covariance matrix 𝐶 is diagonalized, it results in the 3N eigenvalues and eigenvectors. 

When the eigenvalues are sorted in descending order, the first few eigenvectors account for the 

highest proportion of variance due to structural changes and/or positional fluctuations.98 The first 
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few PC components are sufficient to describe the differences in the conformations if the variance 

spread is high.99,100 

PCA analysis can be extended further to obtain free energy landscapes as a function of the first 

few principal components, in our case, PC1 and PC2. 2D histogram analysis is performed on the 

PCs data points and the free energy for each bin ‘i’ is estimated as follows: 

 𝐺 = - 𝑘 𝑇𝑙𝑛(𝑃(PC1, PC2)) (15) 

where P(PC1, PC2) is the probability distribution of the sampled structures along the first and 

second eigenvectors.  

2.3.3 Preferential Interaction Coefficient 

The measure of preferential interaction coefficients (Γ23) between the additives and peptide/protein 

have been used to deduce the effects of additives on the molecular systems.101 In our study, the 

statistical mechanics definition of Γ23 will be used to describe the peptide/protein-additive 

interactions (Figure 2.3.3).102 

 𝛤 = 𝑛 − 𝑛  (16) 

where n denotes the number of specific molecules. Subscript 1, 2 and 3 stand for water, 

peptide/protein, and additives, respectively. Superscript I represents a bulk region, which is outside 

the vicinity of the peptide/protein. Superscript II represents a local region located in the vicinity of 

the peptide/protein, and angled brackets ⟨ ⟩ denote an ensemble average.  

 

 

 

 

 

 

 

Figure 2.3.3. Simple illustration of the local and bulk domains around the peptide surface. 



Chapter 2. Theory 

21 

It is a favorable peptide/protein-additive interaction when 𝛤  is positive implying the 

concentration of the additives is higher in the local domain as compared to the bulk domain and 

vice-versa when 𝛤  is negative. A cutoff of to differentiate local from the bulk domain was decided 

based on radial distribution function, g(r), calculation for different additives with respect to 

uncharged polar and polar parts of the peptide/protein. 

2.4 Free energy of binding methods 

The theoretical estimation of free energy difference accompanying bimolecular interactions are 

investigated routinely in order to relate it with experimental results. For example, the effect of 

mutations on the free energy of ligand binding, protein-protein interactions, and lead optimization 

for drug discovery are investigated.32,35,103,104 There are several methods to compute free energy 

difference, such as implicit solvent MM105 methods, explicit solvent linear interaction energy 

(LIE)32,106, computationally expensive thermodynamic integration (TI) and free energy 

perturbations (FEP)107 approaches. These calculations are performed over structural ensembles 

generated from MD simulation. In our studies various free energy methods were used, hence these 

methods are briefly discussed in the following sections. 

2.4.1 MMGB(PB)SA 

The MMGB(PB)SA stands for molecular mechanics with Generalized Bonn (GB) or Poisson 

Boltzmann (PB) and surface area solvation (SA). These methods represent a consensus between 

fast docking (which is generally not precise) and computationally expensive calculations (TI and 

FEP). In these implicit solvent methods, solvent and ion effects are modelled by a continuum 

approach. Conformational effects are taken into account by averaging over a conformational 

ensemble generated by MD simulations. The free energy of a molecule is calculated as sum of 

MM (bonded and nonbonded interaction terms) energies in the gas phase, the solvation free energy 

(polar and non-polar), and the configurational entropy.34 The free energy of the different states 

(free protein (P), Protein-Ligand (PL), and free ligand (L)) are estimated as follows: 

 𝐺 =𝐸 + 𝐸 + 𝐸 + 𝐺 + 𝐺 − 𝑇𝑆 (17) 

The non-polar solvation energy term in both methods depends on the SASA of the target system 

whereas the polar term is dependent on the implicit solvent model.34,103,108,109 MMPBSA108 uses 

the PB equation to compute the electrostatic contribution to the solvation energy term, which is 
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considered the most accurate model while being more computationally expensive. On the other 

hand, the MMGBSA109–111 method uses the PB approximation, which is an empirical approximate 

and faster treatment of the PB equation. In the PB approximation, each solute is modeled as a set 

of spheres having a dielectric constant different from the external solvent. The effective radii of 

the atoms (Born radius) characterize the accuracy of the GB solvation energy term.112 Overall 

binding energy (∆G ) is obtained by subtracting the ensemble average of free protein (P) and 

free ligand (L) energies from the complex energy (PL). This can be done in two ways as follows: 

First, perform three independent simulations (3-trajectory approach), which is of the complex, the 

free ligand, and the free receptor. ∆𝐺  is obtained as follows:  

 ∆𝐺 =⟨𝐺 ⟩ − ⟨𝐺 ⟩ − ⟨𝐺 ⟩  (18) 

Second, simulate only the complex (1-trajectory approach) and subsequently, the ensemble 

average of the free receptor and ligand are created by simply removing the atoms not belonging to 

their respective systems. ∆𝐺  is obtained as follows: 

 ∆𝐺 =⟨𝐺 − 𝐺 − 𝐺  ⟩  (19) 

In our study, the 1-trajectory approach (Figure 2.4.1) was utilized due to the following reasons: 

1) These calculations were performed on large protein systems (HSA-NEP fusion protein) 

wherein no significant conformational changes upon protein-protein interactions were 

observed. Hence, it was reliable to use the 1-trajectory approach, which also implied fewer 

simulations (Figure 2.4.1). Therefore, also the entropy term (TS) was ignored due to the 

large system size (similar systems will have comparable TS term that can be canceled), and 

relatively stable conformation.  

2) Studies have shown that the 1-trajectory approach performs better with lower standard 

errors as compared to the 3-trajectory approach.34 Other studies have shown that using a 1-

trajectory approach could lead to errors in free energies in cases where significant structural 

changes occur due to the flexibility of proteins.111   

3) Our idea was to compare relative energies of the different protein-protein conformations at 

varying pH. First, the simulations were performed at a specific pH using constant pH MD 

protocol in Amber 1686,91 in explicit solvent to consider solvent effects on protein-protein 

interactions and dynamics. Further, the key residues involved in protein-protein 
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interactions were titrated during the simulation to account for effects from changes in the 

protonation states of these residues. Later, all solvent molecules were removed from the 

trajectory, and the ensemble average of the three states (PL, P, L) were obtained to consider 

it further for implicit MMGB(PB)SA energy calculations (Figure 2.4.1).  

4) Even though MMGB(PB)SA calculations can be performed at a reasonable computational 

time, such a method, however, carries some limitations such as calculated energies are less 

accurate compared to more computationally expensive methods. Other potential 

disadvantages of using such a method include limited sampling of the conformations, error 

due to the drawback of the entropy calculation method.113,114 Further, the time frames 

considered for the energy calculations can alter energy values if desired convergence in 

entropy is not attained.111  

 

 

 

 

 

 

 

 

 

Figure 2.4.1. Schematic of 1-trajectory approach for the MMGB(PB)SA method. The snapshots 

for the complex, receptor, and ligand are extracted from the same trajectory for energy 

calculations. The water box, peptide, and ligand are marked in blue, green and red, respectively.  

2.4.2 Linear Interaction Energy 

Linear interaction energy (LIE) binding energy is calculated as a change of elec and vdW energies 

of only the physically appropriate states (free and bound ligand)32,103. The free energy of binding 

is defined as:  

 ∆𝐺 =𝛼 𝐸 − 𝐸 + 𝛽 𝐸 − 𝐸  (20) 

In eq. 20,    
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 𝐸 = 𝐸 - 𝐸  -𝐸  (21) 

 𝐸 = 𝐸  - 𝐸  -𝐸  (22) 

Interaction energies, 𝐸  and 𝐸 , are calculated by subtracting relevant energy terms from 

the total energy (𝐸 ). Angled brackets ⟨ ⟩ denote an ensemble average and α and β are 

empirical scaling factors. Ligand specific scaling parameters were considered for better 

results.33,106,115 In our study, the scaling factors were varied according to the functional groups116 

of the small molecules. The α values was set to 0.18 and 𝛽 = 0.5 (charged), 𝛽 = 0.430 (neutral 

with no –OH group), and 𝛽 = 0.33 (neutral with two or more –OH groups).  

Figure 2.4.2. Schematic showing the 2-trajectory approach for LIE calculations. The snapshots 

for the 𝐸  term (eq. 19) is obtained from the trajectory of the complex (left). Whereas, 

snapshots for the 𝐸  term (eq. 20) is obtained from the trajectory of the ligand (right). The water 

box, peptide, ligand, and vacuum (void) are marked in blue, green, red, and white, respectively.  

LIE MD simulations were carried out for the plectasin work. FEW103 protocol in Amber 1691 was 

followed to set up LIE MD simulations (Figure 2.4.2).103 Previous studies have shown that few 

nanosecond simulations give reasonably accurate binding energies.117,118 Initially, the structure 

was assigned a fixed protonation state to mimic pH 4 environment using H++. The generated PDB 

was used for LIE MD simulations using ff99SB92 FF for 2 ns after the system was equilibrated for 

2 ns. In our work, simulation of 2 ns was decided due to the following reasons. First, plectasin has 

converged RMSD (0.5-1.5 Å) after 2 ns equilibration and LIE-MD of 2 ns was enough to account 
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for relaxation of the peptide-excipient complex. The idea behind using this protocol was to 

relatively rank different excipients based on the binding energies to the plectasin at different sites. 

The detailed protocol on the prediction of different excipient binding sites is discussed in 

manuscript II. These studies, however, carry some limitations such as high computational cost, 

limited force-field accuracy or insufficient sampling of the system under consideration.119,120 

Further, LIE MD method is not universal, that is α and 𝛽 values must be chosen carefully.  

2.4.3 Thermodynamic Integration molecular dynamics simulations  

Thermodynamic Integration121 (TI)-MD simulations are used to calculate the free energy 

difference of the system while transforming from state A to state B by coupling them via a 

parameter, 𝜆. TI-MD is known for its accuracy and its conceptually simple approach to find the 

energy difference between the two states.122,123 In our work, TI-MD simulation was used to 

calculate the free energy of breaking cystines (Figure 2.4.3). Here, the system was linearly 

transformed from cystines (State A) to free cysteines (State B). The free energy difference in going 

from State A (𝜆=0) to State B (𝜆=1) is computed as follows: 

  ∆𝐺 (𝐴 → 𝐵) =
𝜕𝑉(𝜆)

𝜕𝜆
𝜕𝜆 (23) 

 𝑉(𝜆) = (1 −  𝜆)𝑉 (𝜆) +  𝜆𝑉 (𝜆) (24) 

The change in the free energy is computed from the integral of the ensemble averaged derivatives 

of the potential energy function 𝑉(𝜆) with respect to 𝜆 (eq. 23). The 𝑉(𝜆) potential, in turn, is 

dependent on the potentials of the individual states and is calculated as mentioned in eq. 24. In 

order to calculate a reliable change in free energy, the free energy derivative at each 𝜆 must be 

accurate and converged.123 Thus, it is crucial to cautiously choose the end points for 𝜆 (close to 0 

or 1) to allow smooth extrapolation. Studies have shown that appropriate choices of the adjustable 

parameters such as the end points for 𝜆, simulation time for each 𝜆 state, and the set of 𝜆 values, 

can give precise values for ∆𝐺.121,123,124 A significant drawback of the TI approach is that an 

improper choice of discrete 𝜆 values can result in a huge error.  

In our study, the parameter 𝜆 was varied successively over 11 values (0.005/0.05, 0.1, 0.2, 0.3, 0.4, 

0.5, 0.6, 0.7, 0.8, 0.9, 0.95/0.995) where each 𝜆 was simulated for 20 ns. The system with 𝜆 = 0.5 

was minimized, heated linearly to 300K over a period of 400 ps. This structure was subsequently 
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used for equilibration and production runs (20 ns) overall 𝜆𝑠. At every 𝜆, the derivative of the 𝑉(𝜆) 

had a converged value with low errors, giving reliable ∆𝐺.125 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.4.3. Schematically showing the setup for the TI-MD method. In our study, single linear 

transition was performed, that is, going from bonded cystines (State A) to free cysteines (State B). 

Water, bonded cystines, and free cysteines are marked in blue, yellow and red, respectively.  

2.5 Nuclear Magnetic Resonance  

Nuclear magnetic resonance (NMR) spectroscopy plays a major role in determining the structures 

and dynamics of proteins and other bio-macromolecules. Specifically, chemical shifts are 

exquisitely sensitive probes, the most accurately measurable NMR parameters and are simple 

experiments to perform.126 These parameters reflect the different conformations of proteins with 

great specificity and are often used to study ligand binding to a protein.127–129 First, a brief 

discussion of chemical shifts are needed to understand other aspects and parameters that can be 

obtained from NMR. 

What is a chemical shift? 

Nuclei are positively charged and many have a spin that causes them to create their own small 

magnetic field (𝐵). Moreover, not all nuclei are suitable for NMR. The most important NMR 

active nuclei are 1H and 13C, and the natural abundance of each of these nuclei is 1H (99.9%), 13C 
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(1.1%), and 12C (98.9%, however not NMR active).130 Normally, the nuclear magnetic fields are 

randomly oriented without an external magnetic field (B0), when placed in an external B0, the 

nuclear 𝐵 can either be aligned with the external B0 or oppose the external B0 (Figure 2.5.1). In an 

external B0, a radio frequency signal of appropriate frequency can induce a transition between the 

spin states, and an energy transfer is possible between the ground state to an excited state. When 

the radio frequency signal is turned off, the spin returns to the ground state emitting radiofrequency 

energy at the same resonant frequency level. This process is called NMR. 

 

 

 

 

 

 

 

Figure 2.5.1. The basics of NMR. 

Chemical environment of the nucleus determines the electron shielding (𝜎) that in turn affects the 

𝐵 at the nucleus (eq. 25).131 The precise resonant frequency of the energy transition that is detected 

in NMR is proportional to the effective 𝐵 at the nucleus. The change in effective field at the nucleus 

causes the NMR signal frequency to shift. This phenomenon is termed chemical shift (CS).131 The 

magnitude of the shift depends on the type of nucleus and its chemical environment. Generally, 

the more electronegative atoms deshield more and give larger chemical shift values. 

 𝐵 = 𝐵  (1 − 𝜎) (25) 

Normally, tetramethylsilane (TMS) is used as the reference proton frequency (𝜐 ) because the 

precise resonant frequency shift (𝜐) of each nucleus depends on the magnetic field used. The 

chemical shift δ (in parts per million (ppm)) is defined relative to the reference as follows: 

 δ= 
( )

 (26) 
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In our studies, NMR chemical shift perturbation (CSP) assays were incorporated, where 1H-13C 

Heteronuclear Single Quantum Coherence (HSQC) experiments were performed to identify 

excipient-binding sites on the plectasin. In 2D-HSQC experiments, heteronuclear CS correlations 

are mapped between directly bonded 1H and X-heteronuclei (normally, 13C and 15N). In 2D HSQC, 

the protons lie along the observed x-axis, and the carbons are along the y-axis.  

Origins of CS in the case of proton and carbon nuclei on a protein127  

1. 1H: CS arises from the shielding of the nucleus by other heavy nuclei and aromatic ring 

current effects.  

2. Cα and Cβ: As they are in the ‘middle’ of an amino acid, most of the effects on Cα and Cβ 

CS (up to 13 ppm) are from the same amino acid backbone conformation (backbone 

dihedrals), with little contributions from the sidechain orientation and hydrogen bonds to 

the amide bonds on either side. Therefore, CSPs are through local rearrangements rather 

than any direct through-space interaction. 

3. Side chain 13C’: CS of a particular residue is affected by the side chain conformation of the 

following residue and not the preceding residue. In addition, as in the case of Cα and Cβ, 

along with backbone dihedrals within the same residue, effects from the dihedrals of the 

following residue also exist. 

As discussed above, the CSPs are very sensitive to structural changes (changes in chemical 

environment) and can be measured accurately. These experiments are often done on 15N labelled 

proteins, wherein, an unlabeled small molecule or macromolecule is titrated. Any direct binding 

of the titrating ligand causes CSPs. Further, the analysis is straightforward, that is measure the CS 

at each titration point, and subsequently, follow the peak shifts throughout the titration. The peaks 

with large CSPs (above a certain threshold) are likely to map to the ligand-binding site. Moreover, 

plotting CSPs as a function of concentration of ligand (in our case excipient [E]) can often be fitted 

directly to obtain a value for the dissociation constant of the ligand, 𝐾 . From the same 

experiments, both the 𝐾  and binding site information can be obtained.127,132  

In our studies, first 1D 1H experiments were performed (5 minutes) to make sure no aggregates 

were formed. For all proton experiments, 32k complex points were collected with a spectral 

window of 16.0 ppm, while 2D data matrix of 2k x 512 complex points with spectral windows of 

16.0 ppm for 1H and 165 ppm for 13C dimension were acquired. The total acquisition time for 2D-
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HSQC experiments was 150 minutes. All HSQC spectra were referenced against the TSP  peak. 

The weighted chemical shift changes (∆𝛿 ) occurring due to binding of excipients to the plectasin 

were calculated as follows: 

 ∆𝛿 =
1

2
[∆δ + (0.43 . ∆δ )] (27) 

where ∆𝛿  and ∆𝛿  were CS changes in proton and carbon dimensions, respectively. A scaling 

factor of 0.43 is obtained by dividing the ∆𝛿  by the ∆𝛿  for some arbitrary peaks (up to 8-10). 

An arbitrary threshold of 0.025 ppm (standard deviations of all CSPs) was selected as a threshold 

for significant signal perturbations. ∆𝛿  values higher than this value indicate binding of 

excipient to these sites. A brief overview of sample preparation and data collection is provided in 

Figure 2.5.2 

  



Chapter 2. Theory 

30 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.5.2. Schematic overview of the NMR sample preparation and data collection. The image 

of NMR spectroscopy equipment is adapted.133 Step 1-2: The prepared sample is loaded into an 

NMR tube and subsequently placed inside the NMR spectrometer. 1D H-proton, as well as 2D-

HSQC spectra, are recorded. Step 3-6. After the spectra is recorded, sample is removed from the 

NMR tube and transferred back into an Eppendorf. To this, more excipient is added. These 

described steps (1-6) are followed to collect spectra at each titration point.  
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2.6 Microscale Thermophoresis 

Intrinsic fluorescence from aromatic residues and other fluorescent probes are explored in life 

sciences (single-molecule fluorescence spectroscopy and microscopy methods) to trace and 

analyze molecular interactions.134 Thus, fluorescence-based methods (single-molecule 

fluorescence spectroscopy and microscopy methods) have become invaluable for accessing 

biological processes such as protein folding, interaction binding affinities, and enzyme 

kinetics.134,135 However, these techniques have limitations as they are well suited for small subset 

of interactions that depend on molecular size, relative accessibility of fluorophores, etc. Further, 

they consume large volumes of sample, are often times consuming and require thorough data 

treatments.135,136 Moreover, there are other non-fluorescent based techniques (isothermal titration 

calorimetry (ITC) or surface plasmon resonance (SPR)) that measure the motion of the molecules 

in a temperature gradient. Nevertheless, even these methods are time consuming and require a 

large volume of samples. In recent years, Microscale thermophoresis (MST) has emerged as an 

innovative method to describe molecular interactions through the directed motions of molecules 

in a temperature gradient.135 It is a fast, robust and sensitive method that precisely measures 

molecular interactions. Examples of MST applications include calculation of dissociation 

constants (Kd) for PPIs, protein-ligand interactions in high affinities range (nM-pM), analysis of 

protein unfolding, thermodynamics, enzyme kinetics, and binding stoichiometries.135 The 

measurements can be performed in any buffer conditions, including in cell lysate and plasma.135 

Figure 2.6.1 and Figure 2.6.2. describe the details of MST data collection and sample preparation.  

Figure 2.6.1. Schematic overview of the MST setup and data collection. (image adopted from 

Willensem et. al., 2014135 and edited further). A. The Monolith label free from Nanotemper 

Technologies GmbH. The image below is of a capillary tray that can hold up to 16 sample 

dilutions. B. Schematic representation of MST optics. The sample within the capillary is excited 
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and emits fluorescence that is detected through the same objective. A focused IR-Laser is used to 

locally heat a defined sample volume. The thermophoresis of fluorescent molecules through the 

temperature gradient is detected. C. Typical signal of an MST experiment. For analysis, the change 

in thermophoresis is expressed as the change in the normalized fluorescence (ΔF ), which is 

defined as F /F . Titration of the non-fluorescent ligand results in a gradual change in 

thermophoresis that can be plotted as ΔF  as a function of ligand concentration to yield a 

binding curve, which can be fitted to derive binding constants (Kd). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.6.2. Schematic overview of the MST sample preparation. First, a serial dilution of 

excipients is performed in small Eppendorf tubes (up to 16 dilutions). To each of the tubes, equal 

amounts of protein (10 µM) is added. The prepared sample in each Eppendorf is loaded separately 

into a premium coated capillary. These capillaries minimize peptide binding to the capillary walls. 

After loading all 16 samples, MST measurement is done as described in Figure 2.6.1.
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CHAPTER 3         Plectasin 
Introduction 

Plectasin is a small, 40–amino acid, cysteine-rich peptide having antibiotic properties. It has three 

pairs of disulfide bonds present between Cys4-Cys30, Cys15-Cys37, and Cys19-Cys39 (Figure 

3.1). It is the first defensin isolated from a fungus; the saprophytic ascomycete Pseudoplectania 

nigrella137 found on the grounds of northern European pine forests. The tertiary structure of 

plectasin closely resembles those defensins found in spiders, scorpions, and mussels.137 Studies 

have shown that it is effective against several gram-positive bacteria. For example, Streptococcus 

pneumoniae, which exerts bactericidal effects, has cured pneumococcal peritonitis and pneumonia 

with low toxicity in mice.137 Previous studies have shown that plectasin binds directly to the 

pyrophosphate moiety of lipid II precursor constituting the cell-well via hydrogen bonds with the 

amide protons of Phe2, Gly3, Cys4 and Cys37 (Figure 3.1B).138 Additionally, the wild-type (WT) 

plectasin has a unique tetrapeptide stretch of anionic amino acids (Figure 3.1B). Novozymes A/S 

provided WT plectasin and the three variants to the PIPPI consortium. The WT plectasin will be 

referred to as PP40. The three variants are i) Asn5Ser Asp9Ala Lys26Arg, ii) Asp9Ser Gln14Lys 

Val36Leu, and iii) Asp9Asn Met13Leu Gln14Arg that will henceforward be referred to as PP41, 

PP42, and PP43, respectively. All three variants differ from the WT in the three AA positions.  

Figure 3.1C depicts the sequence alignment of WT plectasin and the three mutants and highlights 

the mutational sites.  

In this chapter, the focus is on the use of different computational approaches that include docking 

and simulation methods to develop a computational approach that will aid understanding of the 

effect of varying pH and salt concentrations on protein structural dynamics and protein-excipient 

interaction hotspots (Figure 3.1A). Some studies are complemented with experimental findings.
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Furthermore, the role of cystines in stabilizing the peptide structure is explored using MD 

simulations and experimental approaches such as NMR and cysteine reduction assay (Figure 

3.1A). This chapter contains two manuscripts. A summary of the main results for each of the 

manuscripts is provided before the start of the respective manuscripts.  

 

 

 

 

Figure 3.1. A. Flowchart showing different studies carried out on plectasin variants. Some of the 

work has been published, and other manuscript is submitted (manuscript is enclosed). B. X-ray 

resolved 3D structure of plectasin. The three cystines are marked in yellow, and the positions are 

labelled. The tetrapeptide stretch (DEDD: 9-12) is marked in blue and labelled. The residues (Phe2, 

Gly3, Cys4, Cys37) interacting with lipid II precursor constituting the cell-wall are labeled. C. 

Shows the sequence alignment of the three plectasin variants to the WT plectasin. The disulfide 

connectivity is shown in green, and the secondary structural elements are labelled on top of the 

alignment based on PP40. 
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3.1 Manuscript I.  
Conformational Stability Study of a Therapeutic Peptide Plectasin Using Molecular Dynamics 
Simulations in Combination with NMR.  

In this manuscript, the conformational stability of plectasin (PP40) and the three variants (PP41, 

PP42, PP43) are discussed at varying pH and salt conditions. All the plectasin variants were 

conformationally stable during the course of 100 ns MD simulations at all physicochemical 

conditions. Furthermore, the overall peptide stability leads us to explore the extent of 

involvement of the three cystines on the overall structural integrity. The order of cystines 

reduction deduced from NMR titration experiments, and MD simulations are in good correlation, 

revealing that complete unfolding is only observed upon reduction of all cystines.  
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ABSTRACT: Plectasin is a small, cysteine-rich peptide
antibiotic which belongs to the class of antimicrobial peptides
and has potential antibacterial activity against various Gram-
positive bacteria. In the current study, the effect of pH and
ionic strength (NaCl) on the conformational stability of
plectasin variants has been investigated. At all physiochemical
conditions, peptide secondary structures are intact throughout
simulations. However, flexibility increases with pH because of
the change in electrostatics around the distinct anionic
tetrapeptide (9−12) stretch. Furthermore, plectasin inter-
actions with NaCl were measured by determining the
preferential interaction coefficients, Γ23. Generally, wild-type
plectasin has higher preference for sodium ions as 9ASP is
mutated in other variants. Overall, the Γ23 trend with pH for the two salt conditions remain the same for all variants
predominately having accumulation of sodium ions around 10GLU and 12ASP. Insignificant changes in the overall peptide
conformational stability are in agreement with the fact that plectasin has three cystines. Thermodynamic integration molecular
dynamics simulations supplemented with nuclear magnetic resonance were employed to determine the degree of involvement of
three different cystines to the overall structural integrity of the peptide. Both methods show the same order of cystine reduction
and complete unfolding is observed only upon reduction of all cystines.

1. INTRODUCTION

Peptide therapeutics are of interest for many pharmaceutical
companies because of their potential to alleviate numerous
severe diseases. They are highly specific with excellent efficacy,
high potency, and low toxicity as compared to small molecule
drugs.1 Furthermore, peptide therapeutics are associated with
lower production complexity and hence they are less costly
compared to protein therapeutics.2 However, their formulation
poses various challenges, including self-association and
aggregation, which can potentially lead to gel formation.3

Furthermore, peptides adopt multiple conformers and also
exhibit a high degree of chemical instability.3 To overcome
these issues, various stabilizing agents are used in an effort to
stabilize peptides without losing structural integrity and
biological activity. A common approach often includes a vast
screening of different physiochemical conditions such as pH,
buffer systems, and addition of excipients. The challenge still
remains to relate physiochemical conditions to structural
properties of biomolecules. Molecular dynamics (MD)
simulation techniques have become an important method for
bridging macroscopic solution properties with microscopic
structural properties that allow for characterizing the physical

basis of the conformational stability of biomolecules and their
biological functions.4 In the current study, the focus is on a
therapeutic peptide called plectasin, which belongs to the class
of antimicrobial peptides (AMPs). Use of AMPs as
antibacterial peptide therapeutics are seen as a promising
alternative to multi-antibiotic-resistant drugs5 and genetic
engineering has been one important strategy to synthesize
AMP variants.6 The amphipathic and cationic nature of AMPs
allow them to interact with negatively charged bacterial
membrane components, leading to disruption of structural
and functional integrity of membranes.7,8 Plectasin is the first
defensin to be isolated from a fungus, the saprophytic
ascomycete Pseudoplectania nigrella7 found on the ground of
northern European pine forests. Plectasin has a tertiary
structure that closely resembles those of defensins found in
spiders, scorpions, and mussels.7 Studies have shown that it is
effective against several Gram-positive bacteria, for example,
Streptococcus pneumoniae, exerting bactericidal effects and
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curing pneumococcal peritonitis and pneumonia with low
toxicity in mice.7 Previous studies have shown that plectasin
binds directly to the pyrophosphate moiety of lipid II precursor
constituting the cell wall via hydrogen bonds with the amide
hydrogens of 2PHE, 3GLY, 4CYS, and 37CYS.9 Plectasin is a
40-amino acid long peptide that consists of an α-β motif
comprising an α-helix and two antiparallel β-strands (Figure
1). The structure contains six cysteines constituting three

intramolecular cystines, which stabilizes the secondary
structural elements (4CYS-30CYS, 15CYS-37CYS, and
19CYS-39CYS). Studies have reported that the presence of
cystines is essential for peptide stability during storage and
hence for full activity of the peptide.10,11 Plectasin has a
distinctive tetrapeptide stretch of anionic amino acids (residue
numbers 9−12).
In the present study, MD simulation methods are explored

to develop a computational approach that will provide the
molecular understanding of the effect of pH and ionic strength
(IS) on peptide structural dynamics. The effect of pH and IS
on the wild-type plectasin (hereafter referred to as PP40) and
the three variants are investigated. These variants are (i)
ASN5SER ASP9ALA LYS26ARG, (ii) ASP9SER GLN14LYS
VAL36LEU, and (iii) ASP9ASN MET13LEU GLN14ARG,
which will hereafter be referred to as PP41, PP42, and PP43,
respectively. Novozymes A/S has produced these variants and
they were made available in the purified form, and in sufficient
quantities, for this study. The variants were selected based on
different behaviors observed during internal studies performed
at Novozymes A/S (personal communication). Additionally,
the contribution of the three disulfide bonds to the
conformational stability of wild-type plectasin was investigated
further using MD simulations combined with thermodynamic
integration methods in order to determine the free-energy
contribution from each of the disulfide bridges to the overall
peptide stability. The order of cystine reduction will give
insights into the reduction pathway and its effects on
conformational changes. The computational study was
complemented by nuclear magnetic resonance (NMR)
titration study and a quantitative disulfide bond reduction
assay. Good agreement is found between the computational
and experimental results, providing a molecular insight into the
order of cystine reduction and how cystines contribute to the
overall structural integrity.

2. MATERIALS AND METHODS
2.1. In Silico Methods. 2.1.1. Constant pH MD

Simulations. The plectasin crystal structure of the wild-type
plectasin (PDB ID: 3E7U12) was used as a template to

introduce point mutations to construct models of the three
plectasin variants. In all mutants, certain residue was mutated
to either a positive charged polar amino acid or a hydrophobic
amino acid in an attempt to improve its ability to bind to the
negatively charged Gram-positive microorganisms.2,13 Addi-
tionally, PP43 has 13MET mutated to LEU, making it less
prone to oxidation.14,15 Figure 1 shows the sequence alignment
of plectasin variants along with disulfide bond connectivity and
secondary structure assignment (SSA).
Peptide structures were minimized with the PrepWiz tool

from Schrödinger release 2016-3 (Schrödinger, LLC, New
York, NY, USA).16 The protonation state of the titratable
amino acids at different pH and IS values was determined
using the H++ server (http://biophysics.cs.vt.edu/H++).17

The server settings were adjusted to an internal dielectric
constant of 10, which is appropriate for residues close to the
surface and external dielectric constant of 80 for water,
respectively.17 The pH range was from 4 to 9 (ΔpH = 1) with
salinity adjusted to 0, 70, and 140 mM. The topology and
coordinate files generated as output in Amber format were
used to generate the PDB structure file using the ambpdb tool
implemented in Amber.18 The PDB file was used as the
starting structure for MD simulations in Amber. All-atom
classical constant pH MD simulations19 in an explicit solvent
were carried out with the Amber16 program20 employing the
Amber force field ff99SB21 for proteins. Water molecules were
represented using the TIP3P22 water model. All bonds to
hydrogen atoms were constrained using the SHAKE
algorithm.23 For each of the peptide systems, 18 different
physicochemical conditions were tested. Each system was
neutralized using either sodium or chloride ions depending on
the overall charge state and solvated in a truncated octahedron
water box with a 15 Å padding in all directions. IS was adjusted
to 70 and 140 mM by additions of equal number of sodium
and chloride ions. To adjust the IS to 70 and 140 mM, 9 and
18 ions were added to the system, respectively. In total, the
solvated system contained approximately 7100 atoms. The
particle mesh Ewald method24 was employed to determine the
nonbonded electrostatic energies with a real-space cutoff of 8
Å. The system was minimized for 5000 steps. The first 1500
steps were performed using the steepest descent method
followed by the conjugate gradient method for the remaining
steps. Subsequently, the system was heated linearly from 10 to
300 K within 1 ns using Langevin thermostat25 with a collision
frequency of 5 ps−1. Berendsen barostat26 was used to control
the pressure dynamics. The systems were then equilibrated for
4 ns at a constant temperature (300 K) and pressure (1 bar).
The coordinates were saved every 5 ps for further analyses.
Finally, constant pH simulations were performed for 100 ns
and coordinates were saved every 10 ps. The protonation state
of titratable residues were fixed during the simulations because
the initial peptide variants were modeled at the desired pH and
IS. Each system at a particular physiochemical condition was
simulated in duplicates for 100 ns starting from a random seed
number to estimate the statistical uncertainty of the results.
Analyses were performed with CPPTRAJ27 in Amber16 and

VMD 1.9.3.28 Clustering method was employed as a mean of
grouping similar objects into one cluster. In the perspective of
MD simulations, conformations generated over time were
grouped into distinct clusters depending on the conformational
similarity. In this study, the agglomerative hierarchical
clustering approach has been incorporated that start with
treating each data point as a singleton cluster and then

Figure 1. Sequence alignment of wild-type plectasin and the three
mutants. Residues are colored based on hydrophilicity, and mutations
are marked in green. The disulfide bridges (SSBOND) are shown as
black lines, and SSA shows the position of secondary structural
elements. Alpha helix is shown as a red cylinder, beta strands as blue
arrows, and loop regions as black lines.
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successively merge the nearest clusters until all clusters have
been grouped into the desired number of clusters.29,30 The
cluster proximity is defined based on the average linkage,
where the intercluster distance is defined as the average root-
mean-square deviation (rmsd) distance measured between
every data point from one cluster to all points in the other
cluster. Additionally, principal component analysis (PCA)31−33

was employed to explore the dynamics of the peptides. PCA
was extended further to obtain free-energy landscapes (FELs)
as a function of the first few principal components, in our case,
PC1 and PC2. Two-dimensional (2D) histogram analysis is
performed on the PC data points and free energy for each bin i
is estimated using

G k T Pln( (PC1, PC2))i B= − (1)

where T is the temperature in Kelvin, kB is the Boltzmann
constant, and P(PC1, PC2) is the probability distribution of
the sampled structures along the first and second eigenvectors.
2.1.2. Preferential Interaction Coefficient (Γ23). The

preferential interaction coefficient was used to estimate the
binding capacity of ions to the surface of plectasin variants.
The measure of preferential interactions between co-solvents
and peptides has been used to deduce the effects of co-solvents
on the molecular systems.34 In this study, the statistical
mechanics definition of Γ23 is used to describe the peptide co-
solvent interactions.35
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where n denotes the number of specific molecules. Subscripts
1, 2, and 3 stand for water, peptide, and co-solvent,
respectively. Superscript I represents a bulk region, which is
outside of the vicinity of the peptide. Superscript II represents
a local region located near the peptide, and angled brackets
denote an ensemble average. Favorable peptide co-solvent
interactions result in positive Γ23, implying that the
concentration of the co-solvent is higher in the local domain
as compared to the bulk domain and vice versa when Γ23 is
negative. A cutoff of 8 Å was used to differentiate local from
the bulk domain based on g(r) calculation for Cl−/Na+ with
respect to charged and polar parts of the peptide (data not
shown). Trajectories of the production runs were divided into
smaller parts each containing 50 frames (5 ns), and the
standard error of the means of these several parts is the
estimated error in Γ23.
2.2. Disulfide Bond Contribution to the Conforma-

tional Stability. Classical all-atom MD simulations were
performed on wild-type plectasin, where each of the cystine
bonds was individually broken or all cystines at the same time.
The same MD setup was used as for constant pH MD
simulations described above. Simulation conditions were
chosen to be pH 4 and 0 mM IS corresponding to the
experimental conditions used in NMR. This study was
complemented with thermodynamic integration MD (TI-
MD) simulations to estimate the relative free-energy cost of
breaking the disulfide bonds. The free-energy change for
breaking the disulfide bonds is estimated by transforming from
cystines (state A) to free cysteines (state B), by coupling the
two states via a parameter λ. The free-energy difference in
transforming from state A (λ = 0) to state B (λ = 1) is
computed as follows

G
V

(A B)
( )

0

1
∫ λ

λ
Δ → = ∂

∂
∂λ

(3)

The change in free energy is computed from the integral of
the ensemble-averaged derivates of the potential energy
function V(λ) with respect to λ. Five independent simulations
were performed to study the energetic cost for breaking the
disulfide bonds. Different scenarios were tested, and
simulations were carried out where each of the disulfide
bonds was broken independently and where all three bonds
were broken. The parameter λ was varied successively over 11
values (0.005/0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and
0.95/0.995), where each λ was simulated for 20 ns. It is crucial
to choose the end λ points close to 0 and 1 carefully to allow
smooth extrapolation. The system with λ = 0.5 was minimized
and heated linearly to 300 K over a period of 400 ps. This
structure was subsequently used for the equilibration and
production runs for all λs. The bond dissipating the least
energy during the TI-MD breaks first. Consequently, to
understand the sequential breaking, the bond with least energy
penalty is kept broken throughout the next simulations, and
each of the remaining two cysteine bridges were transformed
linearly as described above in independent simulations.
Surface-accessible surface areas (SASAs) were calculated for
each representative structure of the simulated system using
GetArea36 with a probe radius of 2.8 Å corresponding to the
effective radius of the reducing agent used in the experiments.

3. EXPERIMENTAL METHODS
3.1. Quantitative Assay to Measure Free Cysteines.

Plectasin samples were provided by Novozymes A/S. The
molecular weights of PP40, PP41, PP42, and PP43 are
4398.77, 4355.78, 4384.83, and 4407.87 Da, respectively.
Intact mass spectrometry, sodium dodecyl sulfate polyacryla-
mide gel electrophoresis, and reversed phase high-performance
liquid chromatography checked the purity of the samples. In all
cases, the purity was 85−95%. The assay was developed
according to the protocol of Thanhauser et al.37 Plectasin was
dialyzed into 10 mM histidine buffer pH 4.5 as the peptide is
most stable at low pH, at 4 °C using slide-a-lyzer 2000 MWCO
dialysis cassettes (Thermo Scientific) for 20 h with two times
buffer exchange after 2 and 4 h, respectively. The final
concentration of the dialyzed sample was determined by
measuring UV absorbance at 280 nm with a Nanodrop
spectrophotometer (Thermo Scientific), using an extinction
coefficient of 2.24.
A final peptide concentration of 200 μM was prepared by

diluting the dialyzed peptide using buffer from the last dialysis
reservoir. Half of the prepared 200 μM peptide sample was
denatured using 3 M guanidinium chloride. A concentration
series of 25−200 μM with increments of 25 μM of the native
and the denatured sample was prepared in duplicates in a
microtiter plate. As a control, a concentration series with the
same concentrations of oxidized glutathione (Sigma-Aldrich)
was prepared. The baseline was determined using H2O instead
of protein stock solution. Disodium 2-nitro-5-thiosulfoben-
zoate (250 μL, NTSB) assay solution [200 mM TRIS, 100
mM Na2SO3, 3 mM ethylenediaminetetraacetic acid pH 9.5
plus 1% NTSB stock solution [100 mg of 5,5′-Dithiobis-(2-
nitrobenzoic acid) (Ellman’s Reagent; Sigma-Aldrich) dis-
solved in 10 mL of 1 M Na2SO3 pH 7.5; oxygen bubbled
through at 38 °C)] was added to the peptide samples. The
reaction, R’S− + NTSB → R’SSO3

− + NTB, was monitored by
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recording the product 2-nitro-5-thiobenzoate (NTB) forma-
tion by measuring the absorption of the product at 412 nm.
3.2. NMR Experiments. The peptide sample was

extensively dialyzed into 20 mM citrate buffer, pH 4.0, at 4
°C using slide-a-lyzer 2000 MWCO dialysis cassettes (Thermo
Scientific) until the original formulation components were no
longer detectable in the 1H NMR spectrum. After dialysis, 5%
2H2O was added to the sample. The final concentration of
plectasin was 2 mM as determined by measuring UV
absorbance at 280 nm (ε = 2.24) with a Nanodrop
spectrophotometer (Thermo Scientific).
All NMR experiments were acquired on a Bruker 800 MHz

AVANCE III spectrometer equipped with 5 mm TCI
cryoprobe and temperature control unit at 25 °C. The Cα

assignments of plectasin were transferred from BMRB entry
16 739 to the 2D 1H−13C HSQC, and then, the side chain
assignment of each amino acid was achieved using a 2D
1H−13C heteronuclear single-quantum correlation−total corre-
lated spectroscopy (HSQC−TOCSY) spectra of plectasin. For
the 2D 1H−13C HSQC−TOCSY experiment, data matrices of
8k × 1k complex points with 24 scans were acquired, which
resulted in a total acquisition time of approximately 13 h. In
the case of 2D 1H−13C HSQC, data matrices of 8k × 1k
complex points with 16 scans were acquired with a total
acquisition time of 8.5 h. For both experiments, spectral widths
for 1H and 13C dimensions were 16.0 and 165 ppm,
respectively. All signals, except Hα atoms of 4CYS, 8TRP,
10GLU, 11ASP, 15CYS, 25TYR, 29TYR, and 31ALA, were
unambiguously assigned. Gradual reduction of disulfide bonds
was achieved by stepwise addition of tris(2-carboxyethyl)-
phosphine (TCEP) to the plectasin sample from a 1 M stock
solution to minimize the dilution effects. TCEP was used
because the strong reducing agent is still effective at pH 4.0.
At each point of the titration, one-dimensional (1D) proton

(1H) experiment with excitation sculpting water suppression
and 2D 1H−13C HSQC experiment with sensitivity enhance-
ment, gradient coherence selection, and multiplicity editing
were acquired. For all 1D 1H experiments, 32k complex points

were collected with a spectral window 16.0 ppm and 128 scans,
which resulted in a total acquisition time of 5 min. For each 2D
1H−13C HSQC experiment, the 2D data matrix of 4k × 512
complex points with spectral windows 16.0 ppm for 1H and
165 ppm for 13C dimension was acquired with four scans,
resulting in a total acquisition time of 1 h. The intensity data as
a function of concentration of TCEP for all the plectasin
assigned peaks were then fitted to the logistic function
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where c is the concentration of TCEP, c1/2 is the midpoint of
the sigmoidal curve, p is the steepness of the curve, and A1 and
A2 are the lower and upper asymptotes, respectively. c1/2 in this
case indicates the concentration of TCEP needed for 50%
transition of each amino acid into the unfolded state, also
known as EC50.

4. RESULTS AND DISCUSSION
4.1. MD Simulation. To map the conformational proper-

ties of plectasin, MD simulations of plectasin were performed
at different pH and ISs. This amounted to 18 different
physiochemical conditions, where each system was simulated
in duplicates for 100 ns to estimate for statistical uncertainty of
the results. The overall stability of plectasin was assessed by
calculating the rmsd. For all simulations at different
physicochemical conditions, the rmsds converged after ∼25
ns reaching plateaus in the range 0.5−3 Å. There was no
correlation between the overall rmsds and the pH and ISs.

4.2. Effect of pH. The effect of pH on the conformational
stability was studied using the constant-pH MD protocol in
Amber version 16. For all the plectasin variants, at pH 4, the
peptide prefers to be in its “native crystal structure
conformation”. On the other hand, at higher pH, the peptides
were more flexible. Figure 2 represents the FEL for the
peptides at pH 9. The surface has multiple well-defined basins
indicating different conformations that the peptides explore

Figure 2. Three-dimensional FEL displayed as a function of the first two principal components for all the four plectasin variants at pH 9.
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during the course of the simulations. However, the energy
barriers between the basins are small, and the peptide can leap
from one conformation to the other. The motion of the flexible
regions is shown as mode vectors in Figure S1. A major
contribution to flexibility comes from the loop region close to
the N-terminus, which remains almost intact at low pH (data
not shown). The loop dynamics could be due to the change in
the protonation state of titratable residues. In the working pH
range, a change in the protonation state of 10GLU, 16HIS, and
18HIS is observed. Although both histidines are charged at pH
4, 16HIS deprotonates already at pH 5 and 18HIS
deprotonates at pH 9, whereas 10GLU is deprotonated at
pH 4 and protonated already at pH 5. This leads to a
noticeable change in the surface electrostatics (Figure 3). At

pH 4, all variants, except PP42, have conformations present in
one well-defined basin, while for the PP42 variant, the FEL has
two basins (Figure S2), but the conformations are very similar
to low rmsd of less than 1 Å.
4.3. Effect of NaCl. The preferential interaction coefficient

(Γ23) was used to estimate the binding capacity of ions to the
surface of plectasin variants. The measure of preferential
interactions between the co-solvents and peptide has been
used to deduce the effects of co-solvents on the molecular
systems.34 Plectasin variants have different preferential
interactions with sodium and chloride ions. The trend of Γ23

with pH remains the same for the two salt concentrations, that
is, 70 and 140 mM NaCl (Figure 4). Generally, differences in
Γ23 are arising from the change in the electrostatics of the ASP-
GLU-ASP-ASP segment. For all variants, the interaction scores
are high for GLU-ASP-ASP compared to the other residues,
which implies preferential interactions of sodium ions with this
region. This is in line with previous study that shows that
sodium ions specifically prefer interaction with the carboxylic
group of the acidic residues and carbonyl oxygens of the amide
group constituting the protein backbone.39 Moreover, the
ASP-GLU-ASP-ASP stretch and other loop segments are more
exposed compared to the residues that constitute the αβ
secondary structures. Interactions of lysines with chloride ions
are also observed, but interactions are lower as compared to
sodium ions, which reflects that sodium ions have a higher
attraction for negatively charged residues than chloride ions for
positively charged residues. The effect of chloride ions is in
accordance with the electroselectivity series, which indicate
that chloride ions interact with protein only weakly.40−42 In
other words, chloride ions do not prefer to be on the peptide
surface, which is also observed for other proteins. In the
following, the differences in Γ23 for each of the peptide variants
are discussed.
In the case of PP40, a noticeable increase in Γ23 is observed

between pH 5 and 6, which is less pronounced for the other
plectasin variants. To further investigate the contribution of
residues to Γ23, an interaction score P(Iscore) was defined as
follows

P I n N a( ) /( )score = × (4)

where n denotes the number of times either sodium or chloride
was in contact with a certain residue over simulation time, N is
for a total number of frames, and a is a normalization factor
which ensures that the interaction score is converted into
probability. Note that Γ23 defines the overall accumulation of
salt to the protein surface, whereas P(Iscore) defines the
interactions per residue. Uncertainties seen in P(Iscore) are due
to conformational flexibility of the peptides, which is
dependent on the physiochemical conditions and the dynamics
of absorption and desorption of the ions.
P(Iscore) is depicted in Figure 5, and indicates that residues

9ASP, 10GLU, 11ASP, 12ASP, 23LYS, 30CYS, 32LYS, and
38LYS have increased preference for co-solutes at higher pH as
compared to pH 4. In particular, the ASP-GLU-ASP-ASP (9−
12) region shows relatively high scores. This is expected
because this region forms a negatively charged patch on the
peptide surface attracting positively charged sodium ions. The
electrostatic properties of this region can also explain the
change in Γ23 between pH 5 and 6. Because of the cluster of
negatively charged residues, the pKa of 10GLU is shifted
upward; that is, 10GLU becomes deprotonated (i.e., charged)
when the pH is changed from 5 to 6. The change in Γ23 is less
pronounced for PP41, PP42, and PP43 than PP40 because
9ASP is mutated to either a polar or hydrophobic amino acid,
leading to a decrease in P(Iscore) at this position.
Considering the statistical uncertainties, Γ23 for PP40, PP41,

and PP43 are comparable at 70 and 140 mM NaCl, implying
that the peptide surface is not saturated. In the case of PP42,
Γ23 values are lower for 140 mM in comparison to 70 mM,
implying that salt prefers to be in the bulk. Looking at eq 2, n1

II

(salt in the bulk) increases, leading to lowering of Γ23. The
common trend seen for all variants is that 10GLU and 12ASP
are the common residues of interaction with sodium ions.

Figure 3. Electrostatic surface representation of structures at pH 4
(left) and pH 9 (right) for PP40. At pH 9, the electrostatic surface
coloration shows accumulation of electronegative charges and
reduction of positive charges in the tetrapeptide segment (ASP-
GLU-ASP-ASP) and histidine region, respectively. The same change
in electrostatics is observed for PP41, PP42, and PP43 (data not
shown). PDB2PQR38 server was used to generate electrostatic surface
plots. Red, white, and blue surface colors indicate negative, close to
neutral, and positive potentials, respectively, as indicated by the color
bar.
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4.4. Role of Cystines in Conformational Stability of
Plectasin. MD simulations at different physiochemical
conditions showed that the peptides undergo moderate
flexibility in the loop region, which is in connection with the
fact that plectasin has three cystines. In this section, the
contribution from each of the disulfide bridges on the overall
conformational stability was explored using classical all-atom
MD and TI-MD simulations in Amber16.43,44 This work is
complemented with NMR titration experiments and a
quantitative assay, which measures the change in absorbance
upon formation of free cysteines in solution.

From the TI-MD simulations, ΔG was extracted for each of
the simulated systems and are summarized in Table 1. The
least ΔG of 0.04 kcal/mol is obtained for the system, which is
transformed linearly from three pairs of cystines to the system
where 15CYS-37CYS is broken. The SASA of 15CYS-37CYS is
16.5 Å2, which is higher compared to 4CYS-30CYS and
19CYS-39CYS having an SASA of 12.1 and 8.0 Å2,
respectively. Further, breakage of 15CYS-37CYS bond does
not lead to significant structural changes, which is also reflected
in low rmsd (Figure 6A). Furthermore, the change in loop
entropy is minimal upon reduction of 15CYS-37CYS as the

Figure 4. Γ23 of all the plectasin variants are displayed as a function of pH for the two salt conditions, 70 mM (red) and 140 mM (green) NaCl.

Figure 5. Interaction scores P(Iscore) calculated per residue for 140 mM NaCl salt concentrations to have sufficient crowding for all the plectasin
variants for pH 4 (black), pH 6 (red), and pH 9 (green). P(Iscore) is calculated as an average over two replicates.

The Journal of Physical Chemistry B Article

DOI: 10.1021/acs.jpcb.9b02370
J. Phys. Chem. B 2019, 123, 4867−4877

4872

http://dx.doi.org/10.1021/acs.jpcb.9b02370


other two cystines are present keeping structure rather intact.
Breaking of 15CYS-37CYS leads to insignificant change in
exposure of the apolar surface area, which is 2245 Å2 as
compared to 2210 Å2 for the wild-type plectasin. Upon
reduction of 15CYS-37CYS, the polar SASA increases by ∼6%.
The relatively low reduction in the apolar SASA indicates that
the reduction of cystine is enthalpic driven rather than entropic
driven.45

Considering the aforementioned information, keeping
15CYS-37CYS broken throughout the simulation, the linear
transformation of the systems where the other two cystines are
intact to a system and where either of the two cystines are
broken shows that the second preferential bond to break is
4CYS-30CYS. Moreover, comparing the accessible surface area
of the structure with 15CYS-37CYS broken shows that 4CYS-
30CYS has an SASA of 47.1 Å2 compared to 4.9 Å2 for 19CYS-
39CYS. Upon breaking of the second cystine, there is an
increase in exposure of the polar surface area to 2598 Å2.
Therefore, the order of sequential breaking is 15CYS-37CYS,
4CYS-30CYS, and 19CYS-39CYS. Figure S3 shows the curves
of ∂V/∂λ as a function of λ step for the systems simulated
using the TI-MD method. Independently, classical all-atom
simulations were performed on systems having each of the
cystines broken. Simulations showed that breaking of all three
cystines initiates peptide unfolding, and breaking of each of the
three bonds independently does not lead to loss of secondary
structural components during the simulation (Figure 6B). The

relatively high rmsd for the system where 4CYS-30CYS is
broken origins from the free end at the N-terminus; however,
the secondary structures remain intact (Figure 6B).

4.5. Monitoring Disulfide Reduction. Initially, the
disulfide breakage reaction was performed at 25 °C. However,
the kinetics of reaction were too slow to be observed within
the experimental time frame. Therefore, the temperature was
raised to 40 °C (comparison of the measurements of the two
temperatures is discussed briefly in the Supporting Informa-
tion; Figure S4). Noticeably, Figure 7 shows an initial lag phase

for the plectasin that reflects a delay in the breakage of one or
more disulfide bonds. The lag phase is reduced in the
denatured plectasin as the disulfide bridges are more exposed
than in the native plectasin. This result reveals that the lag
phase could be due to the steric protection of the disulfide
bridges, which disappears with the breakage of the first

Table 1. ΔG along with Standard Deviations Derived from
TI-MD Simulations for the Different Scenarios of Breaking
Disulfide Bonds

system ΔG (kcal/mol)

all 3 bonds broken 3.56 ± 0.34
4CYS-30CYS broken 2.16 ± 0.14
15CYS-37CYS broken 0.04 ± 0.15
19CYS-39CYS broken 0.35 ± 0.13

15CYS-37CYS broken throughout TI-MD
4CYS-30CYS broken 4.65 ± 0.17
19CYS-39CYS broken 4.91 ± 0.19

Figure 6. (A) Plot showing average rmsd based on two replicate runs of the simulated systems, that is, all cysteine bonds are broken (gray), 4CYS-
30CYS broken (black), 15CYS-37CYS broken (red), and 19CYS-39CYS broken (cyan). (B) Final structures after 150 ns of simulation for each of
the simulated systems. Broken disulfide bonds are marked in black (4CYS-30CYS), red (15CYS-37CYS), and cyan (19CYS-39CYS).

Figure 7. Kinetics of the disulfide bond breakage in native and
denaturated plectasin with Ellman’s reagent at 40 °C. The total
number of disulfide bonds of the native and the denatured plectasin
shows a value of 2.6 with glutathione as a reference. The disulfide
bridge in glutathione is almost instantaneously broken, which is due
to its high solvent exposure. In the case of denatured versus native
plectasin, one can observe a difference in kinetics, and this is most
likely due to the differences in solvent accessibility, whereas in the
denatured state, the disulfide bonds are highly exposed, resulting in
faster kinetics. Both samples show a smooth transition from the
bonded to the broken disulfide bridges.
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disulfide bond, eventually leading to the breakage of the
remaining disulfide bridges. Another reason could be the
change in the hydration entropy of loops upon the breakage of
the first disulfide bond leading to a destabilization of the
remaining disulfide bonds.45−47 Upon breakage of the first
cystine, which is 15CYS-37CYS, the SASA of the other two
cystines, that is, 47.1 Å2 for 4CYS-30CYS compared to 4.9 Å2

for 19CYS-39CYS, increases, making it more accessible to
NTSB, which in turn increases the apolar surface area leading
to a change in hydration entropy and thus reduction of the
other two cystines.45 Moreover, a smooth transition from
native bonded state to broken cysteines indicates that the bond
energy for the breaking of the three cystines is close.
Oxidized glutathione, which has one disulfide bridge, was

used as the reference in order to correlate the concentration
with the number of disulfide bridges broken, and the plateau at
30 μM of NTB corresponds to the breakage of one disulfide
bridge (Figure 7). From this, the number of disulfide bridges in
plectasin is calculated as 2.6. In this assay, a value of
approximately 2.6 of disulfide bridges for both the native and
denatured form of plectasin is observed. This is close to the
expected value of 3 disulfide bridges. The difference could arise
from experimental uncertainties with respect to protein and
NTSB concentrations.
4.6. NMR Study. The unfolding of plectasin upon gradual

addition of TCEP to the final concentration of 80 mM was
followed by a series of 2D 1H−13C HSQC, recorded after each
addition of TCEP. The majority of peaks were in slow
exchange, which means that during the course of titration, the
chemical shifts of the folded peptide do not change in position,
but rather slowly disappear. Therefore, the fraction of the
folded peptide can be monitored by measuring the intensity of
peaks during titration. For all assigned plectasin peaks,
intensities were plotted against the concentration of added
TCEP. Data where the adjusted R2 values of the fit were less
than 0.8 were discarded. For each amino acid, the EC50 values
of all peaks were averaged (Figure 8A) and mapped to the
plectasin structure (Figure 8B). Examining the normalized
peak intensities corresponding to the individual cysteine
residues suggests that the disulfide bond between 15CYS and
37CYS breaks first upon TCEP addition (Figure 9), with
structural changes occurring only in the immediate neighbors

as evident from small and localized chemical shift changes
(Figures S5 and S6). On the basis of EC50 values, the disulfide
bond between 30CYS and 4CYS breaks next, followed by the
disulfide bond between 39CYS and 19CYS. Only upon
breakage of all three disulfide bonds does the structure
completely unfold.
Upon addition of small concentrations of TCEP (up to 8

mM) to plectasin, a decrease in 15CYS and 37CYS signal
intensities is observed, which is accompanied only by a
chemical shift perturbation of 36VAL Cα and a gradual
decrease of intensity of their other neighboring amino acids.
Lack of structural changes indicates that the native-like fold of
plectasin is retained even after the disulfide bond between
15CYS and 37CYS is broken. This complements the
simulation results where no significant structural changes
upon breakage of the 15CYS-37CYS bond as reflected by the
low rmsd observed throughout the simulation (Figure 6A). At
concentrations of TCEP higher than 20 mM, several new peaks
with low intensity emerge in the HSQC spectra. The

Figure 8. (A) TCEP EC50 values for individual amino acids in plectasin. Data denoted in red were obtained by fitting signal intensities to a
sigmoidal function. (B) Structure of plectasin (PDB ID: 3E7R12) colored by TCEP EC50 value. For 27GLY and 28GLY peaks (denoted in gray),
no changes in intensity were observed during the course of titration. For 3GLY and 9ASP, no reliable data were obtained because of low signal
intensities.

Figure 9. Plot of the normalized average peak intensity of cysteine
pairs against the concentration of TCEP added, together with a fit to
the sigmoidal function (lines) and EC50 values with errors (squares).
The colors correspond to the cysteine pairs involved in disulfide
bonds.
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appearance of these new peaks correlates with the reduction of
the disulfide bond between 4CYS and 30CYS; however, the
majority of plectasin remains in the native-like fold as evident
from 1H and HSQC spectra. A number of new peaks that
correspond to the plectasin unfolded state and their intensity
further increase when more TCEP is added and the fraction of
the unfolded state increases. Complete unfolding of plectasin is
observed only after addition of 80 mM TCEP, which is well
beyond the concentration needed to reduce disulfide bonds.
Therefore, one can conclude that all three disulfide bonds have
to be reduced in order for plectasin to completely unfold as
also seen in MD simulations with all the three disulfide bridges
broken (Figure 6B).

5. CONCLUSIONS
Our computational study is the first reported study on the
effect of pH and salt concentrations on the conformational
stability of plectasin and the three variants, thereof referred to
as PP40, PP41, PP42, and PP43. In this study, the working
range for pH and salt concentrations were decided based on
the conditions generally used to investigate the behavior of
potential protein/peptide biopharmaceuticals. The simulations
predict that all plectasin variants are conformationally stable at
pH 4. With an increase in pH, native structures explore
different conformers due to flexibility in the N-terminal loop
containing the ASP-GLU-ASP-ASP stretch. The effect of
different salt concentrations was studied by measuring Γ23. In
general, NaCl has a high preference for PP40 as residue 9ASP
is mutated in the other three variants. For all the plectasin
variants, sodium ions have higher tendency to adsorb to the
peptide surface as compared to chloride ions. Equivalent Γ23
values for PP40, PP41, and PP43 at 70 and 140 mM NaCl
imply that the peptide surface is not saturated. However, for
PP42, lower Γ23 values are observed for 140 mM NaCl as
compared to 70 mM NaCl, indicating that surface saturation
with NaCl has reached. Overall, the trend of Γ23 for the two
salt concentrations remains the same for all plectasin variants,
and the common residues interacting with the sodium ions are
10GLU and 12ASP. At the different physiochemical
conditions, the peptide conformational stability is not affected
significantly, which is in line with the fact that plectasin has
three disulfide bridges. The computational predictions of
degree of involvement of three different disulfide bonds to the
overall structural integrity of the protein were compared with
the experimental results. Quantitative assay was performed to
study the time course of disulfide bond reduction. A lag phase
with a single transition in the profile is observed, which shows
that it takes a relatively long time to break the first disulfide
bond, and breaking of the first bond is enough to drive the
reduction of the remaining two disulfide bonds. TI-MD
simulations were performed to access the bond dissipation
energy from each of the disulfide bonds. The first disulfide
bridge to break is 15CYS-37CYS, which required 0.04 kcal/
mol dissipation energy. This correlates well with classical all-
atom MD simulations where low rmsd for the system with
broken 15CYS-37CYS was observed, indicating that the
structural integrity is maintained even though the cystine is
reduced. TI-MD order of disulfide bond breaking is in good
agreement with NMR, and the order of breaking is first
15CYS-37CYS, followed by 4CYS-30CYS, and last 19CYS-
39CYS. Our computational methodology can be applied to
explore the conformational stability of other classes of AMPs.
Furthermore, the stability of peptides in the presence of lipid

membrane could be investigated to gain insights into their
biological activities.
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S2

Figure S1. The direction of motion is shown as white-headed red arrows for all the Plectasin variants at pH 

9. The first two most populated cluster representatives are used to show the motion from going orange 

colored conformation to the blue colored conformation.



S3

Figure S2. Three-dimensional free energy landscape (FEL) displayed as a function of the first two principal 

components for all the four Plectasin variants at pH 4.



S4

Figure S3. Plot showing the  along with standard deviation as a function of  for the different systems ∂𝑉/∂𝜆 𝜆

simulated using TI-MD method. A. Marked in gray, black, red and cyan are for the systems where all three 

pairs of disulfide bonds, 4CYS-30CYS, 15CYS-37CYS, 19CYS-39CYS are broken, respectively. 

Integration of  over all gives the lowest energy of disulfide bond breaking for 15CYS-37CYS. ∂𝑉/∂𝜆 𝜆𝑠 

Consequently, to understand the sequential breaking, 15CYS-37CYS bond is kept broken throughout the 

simulation, each of the remaining two cysteine bridges were transformed linearly in independent 

simulations. B. 4CYS-30CYS and 19CYS-39CYS are marked in black and cyan, respectively. The order of 

breaking of disulfide bridges is first 15CYS-37CYS, followed by 4CYS-30CYS, and last 19CYS-39CYS, 

respectively.
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Figure S4: Comparison of the kinetics of the disulfide bond breakage in native and denatured Plectasins at 

25°C and 40°C. The transition from the intact to the broken disulfide bonds is faster in the denatured 

samples than in the native samples and faster at 40°C than at 25°C. A lag-phase before the first disulfide 

bond breaks can be seen at both temperatures, and the lag-phase is clearly longer at 25°C than at 40°C. At 

40°C, the reaction rate determined after the lag-phase increased by a factor ~2 resulting in a plateau within 

3 hours. As expected, the transition from the bonded to the broken disulfide bridges is faster in the denatured 

protein, than in the native protein, which can be explained by the greater exposure of the disulfide bridges 

to sulfite in the assay solution. Furthermore, the curve progression shows a faster transition from the bonded 

to the broken disulfide bridges at 40°C than at 25°C, as expected.
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Figure S5: A) Cα-Hα and B) side chain region of 1H-13C HSQC spectra of Plectasin in the absence (dark 

red) and in the presence of 2 (red), 10 (orange), 20 (gold), 30 (yellow), 40 (light green), 50 (green), 60 

(cyan), 70 (blue) and 80 mM (magenta) TCEP. Assignments are noted next to the corresponding peaks. 

Peaks corresponding to cysteine bond pairs are labelled with same colours. Two protons connected to the 

same C gives rise to two distinct peaks, lines on the spectra connect these peaks.
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Figure S6: Comparison of 1D 1H NMR spectra of Plectasin in the absence and after addition of 2, 10, 20, 

30, 40, 50, 60 and 70 mM TCEP.



Chapter 3. Plectasin 

55 

3.2 Manuscript II.  
Synergistic Applications of MD, NMR and MicroScale Thermophoresis to Probe Excipient Interactions 
with Therapeutic Peptide Plectasin. 

In the second manuscript, excipient interaction hotspots on the peptide surface (PP40) were 

deduced from MD simulations in combination with MST and NMR measurements. Arginine, 

histidine, Tris, and trehalose showed preferential binding to plectasin. The discussed in-silico 

approach, such as FTMap and free energy simulation methods, can be used as a quick screening 

method in combination with MST to relatively rank various excipients and predict their potential 

binding sites. Overall, the in-silico studies were in excellent agreement with the experimental 

results.  
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Synergistic Applications of MD, NMR and MicroScale 

Thermophoresis to Probe Excipient Interactions with 

Plectasin 

Sowmya Indrakumar1§, Matja Zalar2, Nuska Tschammer3,4, Allan Nørgaard5, Werner Streicher5, 

Pernille Harris1, Alexander P. Golovanov2, and Günther H. J. Peters1§ 

1Technical University of Denmark, Department of Chemistry, 2800 Kgs. Lyngby, Denmark, 2Manchester Institute of 

Biotechnology, and School of Chemistry, Faculty of Science and Engineering, The University of Manchester, 

Manchester M1 7DN, United Kingdom, 3NanoTemper GmbH Technologies, Floessergasse 4 81369 Munich, 

Germany, 4Current address: Crelux GmbH- a WuXi AppTec Company, Am Klopferspitz 19a, 82152 Planegg, 

Germany, 5Novozymes, Krogshoejvej 36, 2880 Bagsvaerd, Denmark 

ABSTRACT 

Development of peptide therapeutics generally involves screening of excipients that inhibit 

peptide-peptide interactions, hence aggregation, and improve peptide stability. The current study 

focusses on the therapeutic peptide plectasin. Combining three different orthogonal methods, 

molecular dynamics (MD) simulations, microscale thermophoresis (MST) titration assays, and 1H-
13C-HSQC NMR titration experiments, we demonstrate a fast computational screening method 

that allows mapping key peptide-excipient interactions hotspots. Further, site-specific binding 

affinities of excipients were deduced using free energy simulations methods, which was verified 

experimentally using NMR experiments. The discussed in-silico approach can be reliably applied 

as a fast screening method in combination with MST to relatively rank distinct excipients and 

predict possible binding sites.  

INTRODUCTION  

Naturally occurring peptides are important biomolecules that have crucial roles in human 

physiology, including actions as hormones, growth factors, or host defence.1 The peptides 

generally show high affinity, specificity, and efficacy for their targets, and therefore, there is an 

increasing interest in using peptides as therapeutics.2 One such example is plectasin, initially 
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isolated from the saprophytic ascomycete Pseudoplectania nigrella fungus found on the ground of 

northern European pine forests.3 It is a small, 40 amino acid, cystine-stabilized peptide with 

antibiotic properties.4 Plectasin has a tertiary structure that closely resembles those of defensins 

found in spiders, scorpions, and mussels, and the peptide belongs to the class of amphipathic 

antimicrobial peptides (AMPs) that are widely distributed as intrinsic host defense molecules 

produced by all multicellular organisms.5,6 The studies have shown effective antimicrobial and 

antiviral effects against a broad range of bacteria, viruses, and fungi. Plectasin and variants thereof 

are especially active against Gram-positive bacteria including S. aureus and S. pneumonia.7 For 

instance, plectasin cured pneumococcal peritonitis and pneumonia with low toxicity in mice 

signifying the therapeutic potential of plectasin as an antimicrobial peptide.8,9 While their smaller 

size makes them easier to deliver across biological barriers compared to larger proteins, and their 

formulation can be problematic since peptides can be prone to chemical and physical instabilities.10 

Aggregation generally constitutes a major bottleneck in peptide formulation, where aggregates can 

be highly structured such as fibrils or amorphous in nature.10–12  

Colloidal stability of peptides depends on the nature of the peptides, and their concentrations can 

be modulated by adjusting solution conditions such as pH, buffer composition, and ionic strength 

and by the addition of other excipients.10,13 The addition of appropriate excipients increases peptide 

stability, since the excipients interact with aggregation prone regions on the peptide surface and 

thereby reducing peptide-peptide interactions and subsequently aggregation.14 Identifying 

appropriate excipients can involve extensive experimental work that is often time consuming and 

require the screening of excipients at different physicochemical conditions. Alternatively, in-silico 

methods can be utilized to screen different conditions in order to narrow the number of potential 

excipients used to increase colloidal peptide stability. However, in-silico studies carry some 

limitations such as high computational cost, limited force-field accuracy, or insufficient sampling 

of the system under consideration.15,16  

In this study, the focus is on the combined use of molecular docking and molecular dynamics (MD) 

simulations methods to develop a computational approach that will enable prediction of hotspots 

for peptide-excipient interactions on the peptide surface. If the predicted sites are also plausible 

sites for peptide-peptide interactions, excipients that bind to these sites are potentially good 
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candidates for inclusion in the formulation. The identification of binding modes of excipients to 

the target structure is performed without any prior knowledge.  

Aggregation prone regions (APRs) were identified using freely available webservers for predicting 

APRs. Further, peptide-excipient interaction hotspots were predicted using computational 

approaches wherein peptide was simulated for 100 ns, and the most representative structures were 

collected using the hierarchical clustering17 approach. These structures were subjected to blind 

docking in FTMap18 with the listed excipients in scope to predict potential peptide-excipient 

interaction hotspots to confirm whether similar regions are also APRs. The initial ranking of 

excipients based on overall binding affinities (Kd) was obtained using microscale thermophoresis 

(MST) studies. Additionally, using SiteMap19, two major excipient-binding sites on the peptides 

were identified, which included interaction hotspots predicted using FTMap. Site-specific free 

energy of binding of excipients was predicted using MD simulations in combination with the linear 

interaction energy (LIE) method.20,21 These binding sites were experimentally verified using 

nuclear magnetic resonance (NMR) experiments to complement in-silico predictions. 

Furthermore, site-specific Kd values were determined from the NMR titration experiment. This 

workflow shows good agreement between the in-silico and experimental methods and can be 

applied to other protein systems.  

RESULTS 

Relative ranking of excipients using MST 

The library of 12 different excipients was included in the study. The excipients can be broadly 

defined in four classes that are sugars (sucrose and trehalose), sugar glycols (mannitol, sorbitol, 

and glycerol), amino acids (arginine, glycine, histidine, methionine, and proline), and buffering 

agents (Tris and succinate) that are frequently used in stabilization of therapeutics. MST label-free 

measurements were done in 10 mM acetate buffer at pH 4. Data were analyzed and Kd values were 

obtained using the MO software version 2.3 from NanoTemper Technologies. At least 10 out of 

16 titration points from the titration series were taken for the analysis to improve fitting (based on 

χ2). For most of the excipients, the maximum obtainable stock concentration was 5 M. The 

viscosity of all excipient solutions were measured using the automated micro viscosizer (Anton 

Paar). All measured viscosities were within the limit of the MST instrument, negating any effect 
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of viscosity on the thermophoresis of the molecule. , and Arg, the MST trace of each capillary is 

analyzed for the difference between the fluorescence during thermophoresis (Fhot) and baseline 

fluorescence (Fcold). The normalized fluorescence (Fnorm) is defined as Fhot/Fcold. Binding curves 

can be displayed using ∆Fnorm values (baseline-corrected normalized fluorescence) or fraction 

bound (∆Fnorm values are divided by the amplitude of the curve) against excipient concentration 

(Figure 1). Table 1 shows the resulting apparent Kd values from the MST measurements. Saturation 

is achieved for some excipients that enable accurate determination of Kd (corresponding to 50% 

saturation) (Figure 1). A numerical comparison of the apparent Kd values allows for the ranking of 

excipients based on the binding affinities (Figure 1). Examples include arginine (35 mM), histidine 

(46 mM), Tris (56 mM), and trehalose (65 mM). In case of other excipients, saturation was not 

obtained, which implies only an estimate of Kd value can be extracted from the data (Figure 1). A 

detailed description of the MST setup is given in supporting information (SI).  

Table 1. Experimentally determined Kd of excipients to plectasin using MST label-free method in 

10 mM acetate, pH 4. Here, %[PE]/100 corresponds to the fraction of peptide-excipient complex 

when [P] is 17mg/mL and [E] stock is 150mM. Saturation is not achieved for the excipients having 

%[PE]/100 lower than 50%. Therefore, the calculated Kd represents the minimum Kd value. 

 Excipient Kd (mM) %[PE]/100 Excipient Kd (mM) %[PE]/100  

 Arginine 35±12 0.81 Glycine 217±204 0.41  
 Histidine 46±6 0.77 Sucrose 275±83 0.35  
 Tris 56±14 0.73 Proline 437±44 0.26  
 Trehalose 65±48 0.7 Mannitol 600±870 0.2  
 Succinate 137±77 0.52 Sorbitol 900±600 0.14  
 Methionine 180±140 0.45 Glycerol 4200±7000 0.03  
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Figure 1. A. Concentration-response curves for the binding interactions between different 

excipients and unlabeled plectasin displayed using ∆Fnorm against ligand (excipient) 

concentrations. B. Concentration-response curves for the binding interactions between different 

excipients and unlabeled plectasin displayed using fraction bound against ligand concentrations.  
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In-silico 

APRs and peptide-excipient interaction hotspot  

APRs predicted using different webservers are summarized in Figure 2A. Different servers were 

used to see if similar regions were picked as APRs. The three algorithms used are structure based, 

which considers the local environment around a given residue to give a solubility score. APRs are 

concentrated in the termini; especially, a large segment of a beta-strand is predicted to be prone to 

aggregation (Figure 2A).  

Independent constant pH MD simulations of the peptide were performed at pH 4 for 100 ns, and 

the trajectory was subjected to hierarchical clustering to obtain most representative conformers. 

These attained cluster representatives were subjected to FTMap runs. Results from FTMap were 

further subjected to statistical analysis to identify peptide-excipient hotspots (for method details 

see SI). A residue with 𝐼  >4 is defined as a hotspot, which is most likely to interact with the 

investigated excipients. Figure 3 shows the plectasin structure colored based on 𝐼 . Residues 

Gly1, Phe2, Glu10, His16, His18, Tyr25, Tyr29, Cys30, Val36, Cys37, and Lys38 have 𝐼  >4. 

Similar segments are also found to be APRs (Figure 2B).  

 

 

 

 

 

 

 

 

Figure 2. A. APRs are shown in red on the plectasin structure. B. Structure coloring based on 

FTMap score. Residues with score above an arbitrary chosen threshold (𝐼  >4) are labelled and 

considered as protein-excipient interaction hotspots (Gly1, Phe2, Glu10, His16, His18, Tyr25, 

Tyr29, Cys30, Val36, Cys37, and Lys38).  
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Site-specific binding 

The previous results from FTMap were based on a static peptide structure. To access the effect of 

peptide flexibility on peptide-excipient binding, SiteMap, in combination with MD simulations 

were used (for details on in-silico setup see SI). Free energy of binding was accessed using the 

LIE method developed by Åqvist and co-workers22 The plectasin structure obtained from the PDB 

was determined in the absence of any bound ligand/inhibitor. Therefore, the potential peptide 

binding sites for excipients were identified using SiteMap. Two major binding sites were 

identified. Residues Gly1, Phe2, Ala31, Lys32, Val36, Cys37, Lys38, Cys39, and Tyr40 belong to 

site I, while site II consists of residues Met13, Gln14, Cys15, His16, Gly27, Gly28, and Tyr29 

(Figure 3). Twelve listed excipients were docked to each of the binding sites, and docked peptide-

excipient conformations at different sites were sorted and ranked based on free energies. Further, 

taking the favored plectasin-excipient docked pose at the two sites as a starting structure, LIE MD 

simulations were performed. Free energy methods such as LIE incorporates dynamicity to the 

peptide as well as excipients. Figure 3 provides the predicted binding energy values at the two 

sites, which gives an indication about the binding preference of the excipients. Figure 4 

summarizes in-silico results in the sequence positions of plectasin. The rationale behind using 

SiteMap besides FTMap is to pick primary excipient binding sites on plectasin (constituting of 

alteast three hotspots from FTMap).  

 

 

 

 

 

 

 

 

 

 

Figure 3. A. Free energy of binding of excipients at two sites. Free energies at site I and II are 

marked in black and in cyan, respectively. B. Two binding sites on the structure are highlighted in 
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black (site I) and cyan (site II) spheres. Gly1, Phe2, Ala31, Lys32, Val36, Cys37, Lys38, Cys39, 

and Tyr40 belong to site I, while residues Met13, Gln14, Cys15, His16, Gly27, Gly28, and Tyr29 

belong to site II. 

NMR  

The backbone and side chain assignments of plectasin were achieved as previously described23 

and are shown in Figures S1 and S2. To identify interaction sites for excipients on plectasin, 1H-
13C HSQCs titration experiments were performed in 10 mM acetate buffer, pH 4 for all the 12 

excipients (for experimental details see SI). An example 1H-13C HSQC spectra overlay for arginine 

as an excipient is shown in Figure 5. For the other excipients, HSQC overlays are given in the 

supplementary (Figure S3-13). It is crucial to choose an appropriate threshold for chemical shift 

perturbations (CSPs) to increase specificity (true binding of excipients).24 Maximum perturbations 

were calculated for each residue in the presence of different excipients, CSPs above the black 

dotted line at 0.025 ppm is considered significant (Figure 6). Additionally, significant 

perturbations (CSP >0.025 ppm) were mapped onto the plectasin structure (Figure 7A-I). It is 

observed that amino acids and buffering agents interact at many sites on the peptide, as highlighted 

in red, whereas sugars and sugar glycols interact in fewer places (Figure 7).  

 

 

 

 

 

 

 

 

 

 

Figure 4. A. Mapping the results of in-silico calculations and NMR signal perturbation mapping 

on sequence positions of plectasin. The distinct classes of excipients are colored differently. Amino 

acids (dark blue), sugar (gray), sugar glycols (green), and buffering agents (orange). In APR, 

residues that were predicted as aggregation prone from different servers are marked in red. In 
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FTMap, residues with 𝐼  > 4 are marked in red. In SiteMap, residues part of predicted sites, I 

and II, are colored in blue and green, respectively. In NMR consensus, residues that are perturbed 

significantly (CSP >0.025 ppm) in the presence of at least five different excipients are marked in 

red. Finally, for each of the different excipients, residues with CSP > 0.025 ppm are marked in red.  

Similar to Iscore in FTMap analysis, NMRscore was assigned to each residue. NMRscore is defined as 

the number of times a given residue is perturbed significantly due to interactions with the different 

excipients. A threshold of five (NMRscore >5) was chosen to define a residue as a protein-excipient 

interaction hotspot in NMR (Figure 7M). The perturbations (CSP > 0.025 ppm) were used to get 

the Kd values fairly accurately (Figure S14). Further, site specific Kd values at site I and II (sites 

predicted by SiteMap) were calculated (see supplementary). The excipients used in this study show 

weak interactions (10-500 mM range) (Figure S14). Previous studies have shown that affinities as 

weak as 10 mM can be determined using NMR, which is the upper limit that can be calculated.24  

 

 

 

 

 

 

 

 

 

Figure 5. NMR signal perturbations caused by the addition of increasing concentrations of 

excipient. 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence of 1 

mM (red), 5 mM (orange), 7.5 mM (yellow), 10 mM (light green), 15 mM (green), 20 mM (dark 
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green), 30 mM (cyan) and 40 mM (light blue) arginine. Assignments are noted next to the 

corresponding peaks. Peaks labeled in black, red, green, purple, and blue belong to Cα-Hα, Cβ-

Hβ, Cγ-Hγ, CE-HE, and Cδ-Hδ groups. Lines in the spectra connect peaks from two protons that 

are connected to the same C atom.  

 

 

Figure 6. The maximum CSP mapping of plectasin upon addition of excipients. A. Arginine, B. 

Histidine, C. Methionine, D. Glycine, E. Proline, F. Sorbitol, G. Mannitol, H. Glycerol, I. 

Trehalose, J. Sucrose, K. Tris, and I. Succinate. The dotted line represents the threshold (0.025 

ppm) above which the perturbations are considered to be significant.  
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Figure 7. Structure coloring of plectasin based on CSP. Regions with significant perturbations 

(CSP > 0.025 ppm) are colored red. A. Arg, B. His, C. Met, D. Gly, E. Pro, F. Sorbitol, G. 

Mannitol, H. Glycerol, I. Trehalose, J. Sucrose, K. Tris, and I. Succinate. M. Structure coloring 

based on NMRscore. Residues with a score above a chosen threshold (NMRscore >5) are labelled and 

considered as main interaction hotspots for excipient interactions. 

DISCUSSION 

MST measures the change in thermophoresis upon direct binding of small molecules to the target 

peptide, thus allowing quantitative measurement of direct binding affinity. Based on the MST 

approach, the initial ranking of excipients binding affinities to plectasin were obtained. Effective 

overall Kd values were predicted in the case of arginine (35 mM), histidine (46 mM), Tris (56 

mM), and trehalose (65 mM), which show saturation of dose-response with fairly low standard 

deviation (Figure 1). Even though the apparent affinities discussed here are in the millimolar range, 

specific binding of excipients at certain regions on the peptide surface has the potential to affect 

peptide stability – either in a positive or in a negative way.10,25,26 The method is therefore useful 

for fast selection amongst excipients and combination of excipients. 

In order to get an understanding of the excipient interaction sites on the peptide surface, a fast 

approach based on FTMap was used. FTMap was able to pick a few prominent regions (Gly1, 

Phe2, Glu10, His16, His18, Tyr25, Tyr29, Cys30, Val36, Cys37, and Lys38) that by our hotspot 

definition implies that any listed excipient is certainly going to interact with the identified hotspots 
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(Figure 2B, Figure 4). From this, it can be hypothesized that there are certain residues, which are 

prone to interacting with excipients more often, some of which are also APRs (Figure 2B). 

Additionally, a series of NMR spectra of the peptide were recorded in the absence and presence of 

varying concentrations of excipients. Overall, the addition of excipient, for instance, can lead to 

direct binding of excipient to the peptide that may be highlighted as ‘perturbations’. For all the 12 

excipients, 1H-13C HSQCs were recorded and processed considering the peaks that could be 

unambiguously assigned. Significant CSP (CSP>0.025 ppm) were mapped on to the structure 

(Figure 7A-L). Figure 7M shows plectasin structure coloring based on NMRscore that is similar to 

Iscore, which highlights regions that are often perturbed due to interactions with the different 

excipients. It is observed that NMR and FTMap pick similar regions for peptide-excipient 

interactions, for instance, residues in the C-terminal (35-40) that constitute site I as well as APRs 

are present in both (Figure 3, Figure 7M). Furthermore, residues around His16, which constitute 

Site II, are identified by both in-silico and NMR methods. There are other patches that have been 

identified by both methods; Tyr25 and a region around the distinct tetrapeptide stretch (Glu10). 

For each excipient, interaction sites on the peptide are discussed below.  

SiteMap identified two prominent binding sites for excipients, which share common regions as 

APRs (residues: 1, 2, 29, 36-40). Docking of excipients at the two predicted sites combined with 

LIE-MD simulations, the free energy of binding was calculated. Sugar and sugar glycols bind 

favorably in site II as compared to site I. Site II is composed of aromatic residues (His, Tyr), which 

causes favorable interactions as supposed to site I that mainly has residues with alkyl side chains 

(Val, Lys, Cys). Previously, a study showed that aromatic residues on peptide surface frequently 

interact with sugars in the order Trp >> Tyr> His.27 Hydroxyl groups on the sugars have the 

tendency to replace a water molecule close to the peptide during dehydration making itself 

available to interact with the polar patches on the peptide leading to peptide stabilization.28 The 

group of amino acids, Arg, Pro, and Met bind relatively strongly to site I, and Arg also binds 

favorably at site II. In contrast, His and Gly prefer to bind to site II. His and Arg at pH 4 carry an 

overall +1 positive charge. Jungwirth and coworkers29,30 showed in a computational study that His-

His, Arg-Arg, His-Arg pairing makes favorable interactions in spite of alike charges. This could 

be a plausible explanation for favorable binding of His and Arg in site II. In case of buffering 

reagents, Tris and succinate bind strongly at site I. They provide favorable vdW contributions of -

4.24 and -2.56 kcal/mol, respectively. Moreover, Tris (-1.7 kcal/mol) has stronger interaction with 
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the peptide as compared to succinate (-0.6 kcal/mol) in site I, which is also observed in MST where 

Tris and succinate have Kd of 56 and 137 mM. The observed favorable peptide-excipient 

interactions could explain the improved peptide stability (no aggregates). 

Additionally, NMR titration experiments complemented the in-silico predictions enhanced our 

understanding of the protein-excipient interactions. In general, regions having CSP below 0.025 

ppm do not interact with excipients, or interactions are too weak to be detected by NMR. However, 

there are certain regions (CSP > 0.025 ppm) that interact relatively strongly with excipients (Figure 

6, Figure 7). Although there were many peaks with significant perturbations, Kd values could be 

calculated only for some peaks as significant curvature of the CSPs against excipient concentration 

is required to calculate accurate Kd values (Figure S14).  

In all cases, excipients binding to site II interact favorably with the side chains atoms as compared 

to when they bind close to site I, where they interact with the backbone atoms (Figure 5, Figure 

S3-S13). Figure 5 shows 1H-13C HSQC spectra overlay for arginine as an excipient, peaks 

corresponding to Cα-Hα of Gly34, and Val36 have noticeable perturbations. The average binding 

affinities at the two main binding sites are equivalent (site I 27 mM and site II 20 mM), which is 

comparable to the free energy of binding from LIE-MD simulations (Figure 3). Methionine as 

excipient has comparable binding affinity at site II (22 mM) and site I (29 mM). Further, histidine 

as excipient has comparable binding affinity at site I (20 mM) and site II (28 mM). In the case of 

neutral or multi-OH containing molecules (sugars, sugar glycols, glycine, and proline), binding is 

weak (Figure 6D-J, Figure 7D-J). However, glycine and trehalose interact weakly (10-30 mM) 

with plectasin at site I and II (Figure 7, Figure S14). Further, it should be cautiously noted that 

lysines form clustered peaks, for example, peaks corresponding to CE-HE, Cγ-Hγ, and Cδ-Hδ 

groups of lysines form clusters. Therefore, the peaks for these groups might be placed vaguely and 

may not imply true binding in these regions. Alternatively, buffering reagents interact with many 

segments on peptide as arginine, histidine, and methionine. Tris and succinate have comparable 

binding affinities (15-30 mM) at the two sites. Overall, Tris (19 mM) has favorable interactions as 

compared to succinate (38 mM). This is in good agreement with LIE energy values where Tris (-

1.7 kcal/mol) binds stronger than succinate (-0.6 kcal/mol) at site I (Figure 4). On the whole, most 

of the excipients certainly bind in one of the two predicted binding sites with higher binding 
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affinity, for instance, Val36 that is part of site I and His16 part of site II are perturbed significantly 

(Figure S3-13).  

Undoubtedly, NMR spectroscopy is a powerful tool for the analysis of macromolecular 

interactions and provides valuable atomic level insights. However, it carries some limitations; for 

example, it requires a lot of samples, is an expensive method, 15N/13C labelling in case of large 

peptides, and is a cumbersome procedure to follow during the screening of physiological 

conditions during formulation. Furthermore, incomplete assignments make it difficult to interpret 

data at the molecular level and could possibly lead to missing the main binding sites if not assigned 

fully. In our study, it was well demonstrated the good agreement between the findings from in-

silico and experimental work. The discussed in-silico approach can be used as a quick screening 

method in combination with MST to rank excipients and predict possible binding sites. For 

interesting conditions, work can be extended further with intensive techniques, like NMR, ITC, 

etc. to predict binding sites and binding affinities at the molecular level. 

SUMMARY 

We show that experimental methods correlate very well with the computational approach utilized 

here. Binding affinities of distinct excipients to plectasin were calculated using the fast 

experimental screening approach, MST. For some excipients (arginine, histidine, trehalose, and 

Tris), apparent Kd values were predicted accurately due to 50% saturation of peptide with the 

excipient. In other cases, Kd values were calculated with large uncertainty. Furthermore, these 

overall binding affinities were traced to a molecular level using in-silico methods. Using the 

FTMap approach, a quick blind docking of excipients were performed on different conformers of 

peptide obtained from trajectory clustering. Subsequently, simple statistical analyses were 

performed to give an interaction score per residue to identify regions that are more prone to 

interaction with excipients of interest. These findings were further investigated using 1H-13C 

HSQC titration experiments. Most of the peaks could be assigned explicitly. FTMap analyses and 

NMR consensus regions picked analogous segments on the peptide as the most frequently 

interacting regions with excipients (Val36 and Lys38) that are also APRs. Comparing LIE-MD 

and experimental methods, it is observed that the majority of the amino acids and buffering agents 

bind favorably in site I (Arg, Met, Pro). Sugars, sugar glycols, and amino acids (His and Gly) bind 
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favorably in site II. Finally, the study shows that such an in-silico approach can be applied to the 

other protein systems as a fast screening method in combination with MST. This approach can 

save time and material in cases where there is not enough material for NMR experiments, or 

peptides assignments are unknown. 
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1. Methods and materials 

In-silico 

Structure preparation and aggregation prone regions 

The library of 12 different excipients were included in the study to verify the computational 

screening methods. The excipients can be broadly defined in four classes that are amino acids 

(arginine, glycine, histidine, methionine, and proline), sugars (sucrose and trehalose), sugar glycols 

(mannitol, sorbitol, and glycerol), and buffering agents (Tris and succinate) that are frequently 

used in stabilization of therapeutics.1 Salts or sugars are used for adjusting solution osmolality or 

as fillers interfering with the absorption, buffers for controlling solution´s pH, carbohydrates as 

bulking agents, and amino acids for tackling solubility.2 The structure of excipients were taken 

from the ZINC database (www.zinc.docking.org/)2, and the LigPrep program in the Schrödinger 

suite 2016-3 (Schrödinger, LLC, New York, NY, USA)3 was used to adjust the protonation state 

at pH 4 (corresponding to the pH used in the experiments). The X-ray crystal structure of plectasin 

was retrieved from the protein data bank; PDB ID:3E7U4, and the PrepWiz tool in the Schrödinger 

suite 2016-3 was used to adjust the protonation state of the residues at pH 4. The structure was 

subsequently used as a starting structure for MD simulations. The aggregation prone regions 

(APRs) on the peptide surface were identified using AGGRESCAN3D5, CAMSOL6, CSSP7. All 

of these prediction servers are structure-based, and all predicted APRs from individual programs 

were noted. Different servers were used to see if similar regions were picked as APRs. 

Peptide-Excipient interaction hotspots 

In this section, we will discuss the methodology adopted to identify potential peptide-excipient 

interaction hotspots. A residue in a peptide is defined as a hotspot if it interacts with any listed 

excipient. The peptide system was simulated for 100 ns, which has converged RMSD. MD 

simulation setup is explained in depth below.  

Classical all-atom constant pH MD simulations8,9 in explicit solvent were carried out using the 

software Amber 16 with the amber force field ff99SB10 for proteins. The peptide was solvated in 

a truncated octahedron water box having a 15 Å cutoff in all directions, and water molecules were 

represented using the TIP3P11 water model. The system was neutralized with four chloride ions. 
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The particle mesh Ewald method12 was employed with a real-space cutoff of 8 Å to determine the 

non-bonded electrostatics energies. The system was minimized for 5000 steps using 1500 steps of 

steepest descent method followed by 3500 steps of conjugate gradient method. Successively, the 

system was heated linearly from 10 K to 300 K using the Langevin thermostat13 with a collision 

frequency of 5 ps−1 for 1ns. The systems were then equilibrated for 4 ns with coordinates saved 

every 5 ps at constant temperature (300 K) and pressure (1bar). Finally, production simulations 

were run for 100 ns, and coordinates were saved every 10 ps. Conformations taken from the MD 

simulation trajectories were grouped into distinct clusters using the average-linkage method, 

which is part of Cpptraj14 in Amber 16. Cluster representatives were analyzed using FTMap 

(http://ftmap.bu.edu/param)15,16, which identifies binding hotspots of macromolecules. Using 

FTMap, small organic molecules (present as default) and molecules of choice are docked blindly 

onto the peptide surface, clustered, and ranked based on average energy15. Results from FTMap 

on different cluster representatives were analyzed further using a simple statistical method to rank 

sites that are predominant interaction sites of excipients in all cluster representatives. To do this, 

every residue, j, is assigned an interaction score, Iscore, defined as: 

 Iscore= ∑ 𝑐  (𝐼(𝑗)  ≥ 1) (1) 

 

where  

𝐼(𝑗)  =
𝐼(𝑗)  

∑ 𝐼(𝑗)  
 

(2) 

𝐼(𝑗)  is the non-bonded interaction value at residue (j) obtained from FTMap. 

𝐼(𝑗)  is the normalized non-bonded interaction value at residue j, where 𝐼(𝑗)  is 

divided by the sum of all 40 residues. Non-bonded interactions were considered as they define the 

main hotspots.16 In equation 1, 𝑐  = 1 if every 𝐼(𝑗)  ≥ 1, otherwise 0. Equation 1 is applied 

over all 10 representative conformers obtained from clustering. The Iscore threshold of 4 was chosen 

to highlight residues that are often visited by excipients and hence potential hotspots. 

Site specific binding studies 

Molecular docking has been extensively used in the design of new drugs to bind specific targets 

but has not applied to the same extent in biologics.17,18 Docking techniques are computationally 

inexpensive and fast so they can be used to scan large libraries, but more computationally 
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expensive and molecular dynamics (MD) simulations can be applied to a few selected potential 

candidates. Potential binding sites on plectasin were identified using the SiteMap program in the 

Schrödinger suite 2016-3. The prepared excipients were docked to each of these sites using Glide 

program that is part of the Schrödinger suite 2016-3. The docking experiments were performed 

using default parameters for grid generation and docking runs, where the latter was performed with 

extra precision (XP).19 From each site, the pose with the lowest energy was chosen for MD 

simulations to account for the optimization of peptide-excipient interactions and dynamics. We 

employed the linear interaction energy (LIE) method developed by Åqvist and co-workers20 to 

determine the free energy of binding. The binding energy is calculated as a change of electrostatics 

(ele) and van der Waals (vdW) energies of only the physically appropriate states (free and bound 

ligand)21,22. Two trajectory LIE-MD approach was used and the free energy of binding is defined 

as:  

 ∆𝐺 =𝛼 𝐸 − 𝐸 + 𝛽 𝐸 − 𝐸  (3) 

where,    

 𝐸 = 𝐸 - 𝐸  -𝐸  (4) 

 𝐸 = 𝐸  - 𝐸  -𝐸  (5) 

In all cases, the interaction energies,𝐸  and 𝐸 , are calculated by subtracting energies from 

all components i.e., peptide, water, and ligand, from the total energy (𝐸 ). Angled brackets 

⟨ ⟩ denote an ensemble average, α and β, are empirical scaling factors.20,23,24. The 𝛼 value was 

set to 0.18, and the β value was adjusted according to net charge and number of hydroxyl (-OH) 

groups in the molecule25, that is 𝛽 = 0.5 (charged), 𝛽 = 0.43 (neutral with no –OH group), and 𝛽 

= 0.33 (neutral with two or more –OH groups). The free energy workflow (FEW)22 protocol in 

Amber 1626 was followed to set up the LIE MD simulations22. The simulations were carried out at 

pH 4 using constant pH force field (ff99SB10) for 2 ns after the system was equilibrated. A few 

nanoseconds LIE MD simulations27,28 was sufficient to calculate reliable energies since previous 

simulations showed that plectasin is a stable protein with root mean square displacement < 1 Å.29 

The parameters for the excipients were determined using the Antechamber module in Amber 16, 

employing the general atom force field (GAFF)30,31 and the AM1-BCC model to determine the 

partial charges of excipients.32  
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Experimental Methods 

Relative Ranking of excipients using Microscale Thermophoresis  

Microscale thermophoresis (MST) is a robust and fast method used to characterize peptide-

excipient interactions and their binding affinities. As the sample is free to move during the 

measurement it creates conditions close to the native state.33 We used a label-free system, which 

takes into account the intrinsic tryptophan fluorescence of the plectasin. The experiments were 

performed using a Monolith NT.115 LabelFree® instrument (NanoTemper Technologies, Munich, 

Germany). Plectasin samples were provided by Novozymes A/S. Plectasin was extensively 

dialyzed into 10 mM acetate buffer pH 4 at 4°C using slide-a-lyzer 2000 MWCO dialysis cassettes 

(Thermo Scientific) for 20 hours with three times buffer exchange after 3, 6 and 12 hours. The 

final concentration of plectasin was 17mg/mL as determined by measuring UV absorbance at 280 

nm (A280=38.08, ε = 2.24 mLmg-1cm-1) with a Nanodrop2000 (Thermo Scientific). The excipient 

stocks were prepared in 10 mM acetate buffer pH 4 (Table S1). In case of pH shift, pH was adjusted 

using either NaOH or HCl. Table S1 shows the stock concentrations [C]stock used for the 

measurements. The excipient is diluted in 16 serial steps in PCR tubes. Subsequently, to each of 

the PCR tubes, plectasin was added to a final concentration of 10 μM. The prepared samples were 

incubated for 1 hour before loading into MST premium coated capillaries, where the coating 

minimizes peptide binding to the capillary wall. Experiments were performed in triplicates at the 

same MST-power to determine uncertainties in the measured values. MST power was set to 40 % 

for all excipients except succinate and mannitol where the power was set to 20%. 

NMR titration experiment to identify peptide-excipient binding regions  

The plectasin sample was prepared as mentioned previously described in MST sample preparation. 

The final concentration of plectasin was 3.7 mM as determined by measuring UV absorbance at 

280 nm (A280=36.62, MW 4.4 kDa) with a Nanodrop2000 (Thermo Scientific). The total sample 

volume was 500 µL, which included 40 µL peptide (2 mM), 1 µL trimethylsilylpropanoic acid 

(TSP) (used as a reference for peak identification), 25 µL D2O and volume adjusted to 500 µL 

with buffer. Excipients were added stepwise to the peptide 500 µL sample from the 1M stock 

solution, which minimized dilution effects. All NMR experiments were acquired at 25 °C on 

Bruker 800MHz Avance III spectrometer with a temperature control unit equipped with 5 mm TCl 
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cryoprobe. The plectasin assignments are based on those published previously.29 ArgHCl was 

added to a final concentration of 1, 5, 7.5, 10, 15, 20, 30, 40, 50 and 75 mM to the prepared 500 

µL plectasin sample. All other excipients were added to final concentration of 25, 50, 75, 100 and 

150 mM. At each titration point, 1D 1H and 2D natural abundance 1H-13C-heteronuclear single 

quantum correlation (HSQC) experiment with sensitivity enhancement, gradient coherence 

selection, and multiplicity editing was acquired. For all 1D 1H experiments, 32k complex points 

were collected with spectral windows of 16.0 ppm, while 2D data matrix of 2k x 512 complex 

points with spectral windows 16.0 ppm for 1H and 165 ppm for 13C dimension were acquired. The 

total acquisition time for 2D-HSQC experiments was 150 min. All HSQC spectra were referenced 

against TSP peak. The weighted chemical shift perturbations (CSP), ∆𝛿 , occurring due to 

binding of excipients to plectasin were calculated as follows:  

 ∆𝛿 =
1

2
[𝛿 + (0.43 . 𝛿 )] (6) 

where ∆𝛿  and ∆𝛿  are chemical shift changes in proton and carbon dimensions, respectively. The 

binding affinity (𝐾 ) and max CSP (∆𝛿 ) can be obtained as follows: 

 
∆𝛿 =

∆𝛿 {([𝑃] + [𝐿] + 𝐾 ) − [([𝑃] + [𝐿] + 𝐾 ) − 4[𝑃] [𝐿] ] 
.

} 

2[𝑃]
 

 

(7) 

where [𝑃]  and [𝐿]  are the total protein (2 mM) and ligand concentrations, respectively. The 

threshold was set to 0.025 ppm corresponding to the standard deviation when taking into account 

all CSPs. CSPs above the threshold reflecting significant signal perturbations. The same cutoff of 

0.025 ppm cutoff was used for all the excipients to account for the differences in their binding 

affinities. It is essential to choose an appropriate threshold value to increase specificity (to pick 

residues genuinely interacting with excipients).34 Residue specific Kd values were calculated 

considering peaks with significant perturbations. To get site specific Kd values at site I and II (sites 

predicted by SiteMap), average Kd value was calculated by taking an average of residue-specific 

Kd values of residues belonging to a specific site. Moreover, significant curvature of ∆𝛿  vs 

excipient concentrations is required to calculate accurate binding affinities. The excipients used in 

this study show weak interactions (10-500 mM range).  
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2. Supporting figures and tables 

Table S1. Excipient stock solution concentration made in 10 mM acetate buffer, pH 4. 
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Figure S1. A. Cα-Hα and B. Tryptophan side chain region of 1H-13C HSQC spectra of plectasin. 

A. 

B. 
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Figure S2. Side chain region of 1H-13C HSQC spectra of plectasin. 
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Figure S3. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence 

of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) glycine. 

Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging to 

Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on the 

spectra connect peaks from two protons connected to the same C atom.  
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Figure S4. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence 

of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) methionine. 

Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging to 

Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on the 

spectra connect peaks from two protons connected to the same C atom.  
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Figure S5. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence 

of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) histidine. 

Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging to 

Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on the 

spectra connect peaks from two protons connected to the same C atom.  
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Figure S6. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence 

of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) proline. 

Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging to 

Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on the 

spectra connect peaks from two protons connected to the same C atom.  
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Figure S7. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence 

of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) sucrose. 

Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging to 

Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on the 

spectra connect peaks from two protons connected to the same C atom.  
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Figure S8. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence 

of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) trehalose. 

Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging to 

Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on the 

spectra connect peaks from two protons connected to the same C atom.  
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Figure S9. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the presence 

of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) sorbitol. 

Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging to 

Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on the 

spectra connect peaks from two protons connected to the same C atom.  
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Figure S10. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the 

presence of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) 

mannitol. Assignments are noted next to the corresponding peaks. Labeled in black are peaks 

belonging to Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. 

Lines on the spectra connect peaks from two protons connected to the same C atom.  
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Figure S11. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the 

presence of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) 

glycerol. Assignments are noted next to the corresponding peaks. Labeled in black are peaks 

belonging to Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. 

Lines on the spectra connect peaks from two protons connected to the same C atom.  
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Figure S12. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the 

presence of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) 

Tris. Assignments are noted next to the corresponding peaks. Labeled in black are peaks belonging 

to Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. Lines on 

the spectra connect peaks from two protons connected to the same C atom.  
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Figure S13. The 2D 1H-13C HSQC spectra of plectasin in the absence (magenta) and in the 

presence of 25 mM (red), 50 mM (orange), 75 mM (green), 100 mM (cyan) and 150 mM (blue) 

succinate. Assignments are noted next to the corresponding peaks. Labeled in black are peaks 

belonging to Cα-Hα groups, red for Cβ-Hβ, green for Cγ-Hγ, blue for Cδ-Hδ, and purple for CE-HE. 

Lines on the spectra connect peaks from two protons connected to the same C atom. 
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Figure S14. Mapping of Kd values for peaks having CSP greater than 0.025 ppm alongside 

significant curvature of CSPs vs excipient concentrations. Significant curvature is required to 

calculate accurate Kd values. The calculated low binding affinity values reflect the weak nature of 

interactions (in millimolar range) of excipients with the plectasin. In addition, since the role of 

excipients is to stabilize peptide in formulations, it is important that excipients do not bind too 

strongly.35 The y-scale is set a maximum value of 150 mM to highlight only relatively favorable 

interactions (methionine, succinate, Tris, histidine, and trehalose). Kd values could be calculated 

fairly accurately only for some that are significantly perturbed peaks due to significant curvature 

of CSPs against excipient concentrations.    
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CHAPTER 4         Transferrin 
Introduction 

Transferrins (Tfs) belongs to a class of iron-binding glycoproteins. They bind to free iron present 

in the bodily fluids and blood to deliver iron to the target cells for the synthesis of hemoglobin via 

Tf receptor-mediated endocytosis. Tf is an 80 kDa bilobal protein with two homologous halves 

termed as N-lobe and C-lobe, respectively. Each lobe binds to the ferric form of iron (Fe3+), and 

each lobe is further divided into two subdomains (Figure 4.1). The N-lobe consists of N’(1-95 and 

247-331) and N’’(96-246) subdomains. The C-lobe comprises C’(339-425 and 573-679) and 

C’’(426-572) subdomains. A linker (332-338) connects the two lobes. In the N-lobe, residues D63, 

Y95, Y188, and H249 coordinate with Fe3+, and the second shell constitutes of a dilysine bridge 

(K206, K296). In the C-lobe, residues D392, Y426, Y517, and H585 coordinating with Fe3+, and 

the dylsine bridge is replaced by the triad of charged residues (K534, R632, and D634). The 

structure is stabilized by 19 cystines, where the C-lobe has an extra cystine making it more rigid 

compared to the N-lobe. Tf is prone to conformational changes that are crucial for iron release89,139–

141, which is pH-dependent lobe opening for iron release (Figure 4.2). Tf is present in three forms 

that are apo-form (AP), partially open form (PO) with N-lobe partially open, and holo-form (HO). 

Crystallography resolved structures of the three forms are deposited in the protein data bank 

(PDB142) with PDB IDs: 2HAV143 (AP form), 3QYT144 (PO form), and 3V83145 (HO form).  

Tf has also been recently explored as target-specific drug-delivery systems.146 The efficient 

cellular pathway of Tf-TfR complex has been explored for delivery of therapeutic proteins, genes, 

and small molecule drugs into tumor cells.147–149 As already discussed in previous chapters, protein 

therapeutics face several challenges in the formulation stages.150 Thus, we were interested in 

investigating Tf conformational stability in various physicochemical conditions. The conditions
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were selected based on common formulation conditions for biologics already available on the 

market. Using computational methods, we investigated the effect of varying pH and additives 

(excipients, salt) on the conformational stability of Tf. The study focused on gaining a molecular 

understanding of the preference of different conformations in different conditions and the 

underlying driving force that causes conformational changes. The in-silico study was combined 

with small-angle X-ray scattering (SAXS) experiments to gain more insights into the mechanisms 

that drive HO to PO conversion, and further how binding of different additives have an influence 

on Tf stability. The work resulted in two manuscripts. Only in-silico work is presented in the form 

of a manuscript that is submitted.  

 

 

 

 

 

Figure 4.1. Structural architecture of Tf. Different subdomains (N’ (orange), N’’ (yellow), C’ 

(green), C’’ (cyan) and linker (blue) are marked in different colors and labeled.  

 

 

 

 

 

 

Figure 4.2. Cartoon depiction of the different conformational state preferences as a function of 

pH. AP stands for apo-form, PO for partially open form with N-lobe partially open and HO holo-

form. 
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4.1 Manuscript III.  

Dynamics of Human Serum Transferrin in Varying Physicochemical Conditions Explored by 
Using Molecular Dynamics Simulation. 

In this manuscript, the conformational stability of Tf in various formulation conditions is studied 

using SAXS and MD simulations. The SAXS data showed that Tf prefers to exist in PO form at 

pH 5, and in the HO form above pH 5. The main conformational drive from HO to PO conformer 

at pH 5 is the protonation of Tyr188 and further protonation of Lys206. However, the change in 

protonation states is not observed when the pH is increased above 6, indicating a preference for 

the HO conformation. Furthermore, it is observed that only at low pH, chloride ions prefer to bind 

in the iron-binding cleft of the N-lobe. Thus, protonation of Tyr188 and Lys206 together with the 

binding of chloride ions in the iron-binding site of N-lobe has shown to drive the opening of the 

N-lobe at low pH. Finally, at pH 5, the addition of different excipients showed that excipient 

interactions with two specific loop regions could trigger the transformation from HO to PO 

conformer. 
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Dynamics of Human Serum Transferrin in Varying 

Physicochemical Conditions Explored by Using 

Molecular Dynamics Simulations  

Sowmya Indrakumar1*, Alina Kulakova1, Pernille Harris1, and Günther H. J. Peters1* 

1Technical University of Denmark, Department of Chemistry, 2800 Kgs. Lyngby, Denmark 

ABSTRACT 

Conformational stability of human serum transferrin (Tf) in varying pH and buffer conditions were 

investigated using molecular dynamics (MD) simulations that were complemented by small-angle 

scattering (SAXS) experiments. Tf is a bilobal glycoprotein that is composed of homologous 

halves termed as N-lobe and C-lobe. The current study shows that the protonation of Y188 and 

K206 at pH 5 is the primary conformational drive into a partially open (PO) form. At pH 5, Tf 

predominantly exists in the PO form, and the equilibrium shifts towards the closed (HO) conformer 

as the pH increases. Subsequently, the effect of salt concentration at 70 and 140 mM NaCl was 

studied. At 70 mM NaCl and pH 5, it is encountered that chloride ions bind strongly in the N-lobe 

iron-binding site, whereas these interactions are weak at pH 6.5. With an increase in the 

concentration of salt to 140 mM NaCl, regions surrounding the N-lobe iron-binding site are 

saturated, and the salt goes into the bulk away from the protein vicinity. Additionally, protein-

excipient interactions were investigated. At pH 5, excipients interact in similar loop regions located 

in the C-lobe and N-lobe of the HO conformer. It is anticipated that interactions of additives in 

these two loop regions cause conformational changes that lead to iron coordinating residues in the 

N-lobe to drift away from iron and thus drive HO to PO conversion. Also, at pH 6.5 and 140 mM 

histidine or phosphate, these interactions are negligible, which could explain why HO is favoured.  

INTRODUCTION 

Transferrins are a family of proteins that belong to a group of non-heme ferric ion (Fe3+) binding 

glycoproteins widely present in bodily fluids and cells of vertebrates.1,2,3 Transferrin (Tf), which 

is synthesized in the liver4 and secreted into the plasma, is the main ferric ion transporter. Tf 
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delivers iron to the target sites like liver, spleen and bone marrow where it is incorporated into 

newly formed erythrocytes via the transferrin receptor (TfR) mediated endocytosis.5 During 

endocytosis at acidic pH, the entire Tf-TfR complex is internalized into the endosome to release 

the ferric ion and subsequently, the complex is returned to the cell surface. Tf is then released from 

the complex back into the cytosol to acquire more iron.6 Unbound ferric ions participate in redox 

reactions (e.g., Fenton reaction) to produce free radicals that are known to attack proteins, nucleic 

acids, etc. Therefore, binding of ferric ions to Tf is of prime importance for achieving anti-

bacterial, and low-iron environment.7 Tf is a 80 kDa bilobal glycoprotein (half-life 8-10 days) with 

two homologous halves termed as N-lobe and C-lobe and each lobe binds to a ferric ion.1 This 

binding is facilitated by the presence of anions such as bicarbonate (BCT)8 by excluding water 

from the coordination sites otherwise the binding of iron to Tf is negligible.2  

The efficient cellular uptake pathway has been explored for targeted delivery of small-molecule 

drugs, or other macromolecules by Tf.9,10 Transferrin-conjugated drugs have been shown to have 

significant improvement in cytotoxicity and selectivity of the drugs.11 Moreover, Tf supplements 

are often recommended to treat disease conditions such as anemia and toxicity conditions of iron 

like oxidative stress.12 Apart from Fe3+, Tf is known to bind to other metal ions such as Ga3+, In3+, 

Ti4+, and Ru3+ for therapeutic or diagnostic applications.9,13 Patients with long term dialysis 

history, anemia, and bone metabolism disorders have been shown to have toxic levels of harmful 

metal ions like Al3+.14 This could potentially be reduced through Tf binding. Furthermore, 

clinically proven Tf-conjugated drugs are being used to suppress cancer tumor growth. This is 

attributed to the increased iron requirement in tumor tissues, which results in 2-10 fold 

overexpression of Tf receptors. Consequently, enhanced binding of Tf-conjugated drug to the 

tumor cells via receptor-mediated endocytosis is achieved.15 The efficacy of Tf-conjugated drugs 

as anticancer therapy has been demonstrated in the in-vitro treatment of breast cancer cells and 

prostate cancer cells in mouse models.16 Additionally, Tf-conjugated drugs have the ability to cross 

the blood-brain barrier by receptor-mediated endocytosis targeting the rat tumor cells, but not the 

human cells.16,17,18  

One of the major limitations in the development of protein therapeutics is the proper stabilization 

of biologics as these structures are dynamic and have sites that are prone to chemical (oxidation 

and hydrolysis) and physical (aggregation and unfolding) degradation.19 To overcome these 



Chapter 4. Transferrin 
 

3 

challenges, excipients are used in an effort to stabilize these biologics without losing their 

biological activity and to prevent protein-protein interactions that might lead to insoluble 

aggregates. Liu et. al., 200320 studied Tf and delineated that certain regions in the C-lobe are more 

prone to oxidation. Although the general view is that aggregation leads to protein instability21–23, 

Bobst and co-workers24 have shown that soluble Tf aggregates are essential for the successful 

delivery of Tf based drug. In any case, understanding excipient-protein interactions are pivotal in 

optimizing protein formulations. Examples include excipients as buffers for controlling the pH of 

solutions, salts, or sugars for adjusting solution osmolality.25 Therefore, the general formulation 

approach is to screen for different physicochemical conditions such as pH, excipients, and buffer 

systems to improve protein stability. 

Several studies have been conducted on Tf in the line of pH and salt effects on protein properties.26–

28 For instance, a study showed that a change in the protonation state of Y188 at low pH initiates 

iron release from the N-lobe.26,27,29 Another study focusing on the salt effect on protein properties 

showed that salt accumulation starts first in the N-lobe, and iron release from the N-lobe is 

coordinated by N-lobe and C-lobe interactions.28,30 To the best of our knowledge, there exists no 

computational study which discusses excipient and salt effects as a function of pH on Tf stability. 

To investigate the molecular origin for the preference of the different conformers at various 

physicochemical conditions, molecular dynamics (MD) simulations were utilized. The different 

physicochemical conditions were chosen based on an earlier SAXS study31, which demonstrated 

that at low pH, partially open conformer is preferred, and the equilibrium shifts towards the closed 

conformer as the pH increases.31 MD simulations in this regard were done to understand the 

rationale behind preferences for different Tf conformers in various physicochemical conditions, as 

seen in SAXS experiments. It is crucial to gain a molecular understanding of the protein-additive 

interactions in terms of protein conformational stability to prevent protein-protein interactions.  

METHODOLOGY 

Several X-ray crystal structures of Tf are available, and the structures represent three different 

conformations, i.e., iron-bound diferric holo form32, iron-free apo form6, and intermediate form 

termed as “partially open33” with N-lobe open as seen in apo form and C-lobe closed as seen in 

the holo form with Fe3+ bound in the two lobes. Figure 1 shows the structural architecture of Tf 

and residues coordinating with Fe3+ and BCT in the two lobes. Each lobe has two subdomains. 



Chapter 4. Transferrin 
 

4 

The N-lobe consists of N’(1-95 and 247-331) and N’’(96-246). The C-lobe comprises C’(339-425 

and 573-679) and C’’(426-572). A linker (332-338) connects both lobes. The Tf structure is 

stabilized by 19 cystines, and the C-lobe has an extra cystine making it more rigid compared to the 

N-lobe. In the N-lobe, residues D63, Y95, Y188, and H249 coordinate with Fe3+, and a dilysine 

bridge also termed as ‘dilysine trigger’34 (K206, K296) constitute the second shell residues. In the 

C-lobe, residues D392, Y426, Y517, and H585 coordinating with Fe3+ and the triad of residues, 

K534, R632, and D634, form the second shell residues.  

 

 

 

 

 

 

 

 

Figure 1. A. Structure of Tf. Color coding is as follows: pink (N’), cyan (N’’), green ( C’), yellow 

(C’’), and blue (linker residues 331-339). Fe3+ ions are shown as red spheres, and BCT is displayed 

in a stick representation, where oxygen and carbon atoms are colored in red and green, 

respectively. B. Coordination of the residues and BCT molecule with Fe3+ in the N-lobe is 

displayed. C. Coordination of the residues and BCT molecule with Fe3+ in the C-lobe is depicted.  

Molecular dynamics simulations 

Three different conformations of transferrin were considered corresponding to apo-Tf 

conformation (PDB ID: 2HAV6), partially open conformation with N-lobe open and C-lobe closed 

(with Fe3+ bound) (PDB ID: 3QYT35), and the holo-Tf conformation (PDB ID: 3V8336). Apo, 

partially open and holo-form of Tf will be referred to as AP, PO, and HO, respectively, in the 

following. Each of the structures was subjected to MD simulations at different physicochemical 
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conditions to investigate the conformational changes induced by pH change, addition of salt, and 

excipients.  

1. Effect of pH. The protonation state of the titratable amino acids at different pH values of 5, 6.5 

and 8 were calculated using the H++ server (http://biophysics.cs.vt.edu/H++ ).37 The server 

settings were adjusted to an external dielectric constant of 80 for water, and the internal dielectric 

constant was set to 10.37 The topology and coordinate files generated as output in Amber format 

were used to generate the PDB structure file using ambpdb tool implemented in Amber 16.38 The 

PDB file was used as the starting structure for all-atom classical constant pH MD simulations39 in 

explicit solvent. MD simulations were performed with the Amber 16 program40 employing the 

amber force field, ff99SB41, for proteins. Water molecules were represented using the TIP3P42 

water model. Parameters for Fe3+ were defined using the 12-6-4 LJ-type nonbonded43,44 model in 

the amber force field. The bicarbonate molecule was prepared using antechamber45 module in 

Amber 16 and the AM1-BCC46 charge method. All bonds to hydrogen atoms were constrained 

using the SHAKE algorithm.47 Each system was neutralized using chloride ions (pH 5, 6.5, and 8 

needed 8, 5, and 1 chloride ion(s), respectively) depending on the overall charge state. Each system 

was solvated in a truncated octahedron water box with a 15 Å padding in all three Cartesian 

directions. The particle mesh Ewald method48 was employed to determine the non-bonded 

electrostatic energies with a real-space cutoff of 8 Å. Each system was minimized for 5000 steps. 

The first 1500 steps were performed using the steepest descent method, followed by the conjugate 

gradient method for the remaining steps. Subsequently, each system was heated linearly from 10 

K to 300 K within 1ns using the Langevin thermostat49 with a collision frequency of 5 ps−1. 

Berendsen barostat50 was used to control pressure dynamics. The systems were then equilibrated 

for 2 ns at constant temperature (300 K) and pressure (1 bar). Coordinates were saved every 10 ps 

for further analyses. A short equilibration of 2 ns at constant pH with coordinates saved every 10 

ps was performed to update the protonation of titratable residues. Only the residues near Fe3+ were 

titrated during the simulation to take into account fluctuation in the protonation states. Finally, 

constant pH simulations were performed for 100 ns, and coordinates were saved every 10 ps. Each 

system at a particular pH was simulated in duplicates for 100 ns to estimate the statistical 

uncertainty of the results. Different starting structures for the simulations were obtained by 

applying different steepest descent minimization cycles (1500 and 2000 steps).  
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2. Effect of Salt. The effect of 70 and 140 mM NaCl was studied at pH 5 and 6.5. The ionic 

strength (IS) was adjusted to 70 and 140 mM NaCl by the addition of 126 (Na+ + Cl-), and 248 

(Na+ + Cl-) ions, respectively, to the solvated system containing ~48000 water molecules. Each 

system at a particular physiochemical condition of pH and IS was simulated in duplicates for 100 

ns as described above. 

3. Effect of excipients. Arginine, acetate, phosphate, and histidine were considered. Structures 

were obtained from PubChem51 and Zinc Database52. These molecules were prepared at the desired 

pH using the ligprep tool in the Schrödinger suite 2016-3 (Schrödinger, LLC, New York, NY, 

USA)53. Parameter files for the excipients were prepared at the desired pH using the antechamber45 

module in Amber 16 in combination with the AM1-BCC46 charge method. The concentration of 

excipients was adjusted to 140 mM, and each system was simulated for 100 ns.  

For all the simulated systems, different parameters including preferential interaction coefficient 

(PIC) and interaction score 𝑃(𝐼 ) were determined to understand the conformational 

preferences (PO, HO, AP) in varying excipient and salt conditions and to map potential sites on 

the protein surface where salt ions and excipients might bind. 

Preferential interaction coefficient and interaction hotspot region 

Preferential interaction coefficient (𝛤 ) was used as a measure of preferential interactions between 

the additives and protein in order to study the effect of additives on the protein conformational 

stability. 𝛤  defines the overall accumulation of additives on the protein surface, which is defined 

as follows54  

 𝛤 = 𝑛 − 𝑛  (1) 

where superscript I represent bulk region, which is outside of the protein vicinity. Superscript II 

represents the local region around the protein surface. Angled brackets ⟨ ⟩ denote an ensemble 

average, and n denotes the number of specific additives. Subscript 1, 2 and 3 stand for water, 

protein, and additives, respectively. Positive 𝛤  implies favorable protein co-solvent interactions, 

and vice-versa when 𝛤  is negative. A cutoff of 8Å was used to differentiate local from the bulk 

region.55 To estimate 𝛤 , the trajectories from the production runs were divided into 5 ns time 

intervals each containing 50 frames. An average 𝛤  was calculated for each 5 ns time interval and 
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ncertainties in 𝛤  are reported as the standard error of the means.55 The interaction score, 𝑃(𝐼 ), 

is defined as follows:  

 𝑃(𝐼 ) = 𝑛/(𝑁 ∗ 𝑎) (2) 

where 𝑛 denotes the number of times additives were in contact with a certain residue during the 

simulation, 𝑁 is the total number of frames, and 𝑎 is a normalization factor which ensures that the 

interaction score is converted into probability.55 Residue interaction score 𝑃(𝐼 ) with a certain 

additive was calculated by counting the number of additive molecules that are within 4 Å of a 

given residue. These scores were transferred onto the structure, and patches consisting of at least 

three residues having the score of interaction above a chosen threshold were considered as the 

most prominent patches on the protein surface. The threshold was taken as the standard deviation 

(SD) of 𝑃(𝐼 ). Large 𝑃(𝐼 ) values imply strong interactions of the additives with the protein, 

and vice-versa. In this study, PIC, and 𝑃(𝐼 ) values were determined to understand additives 

interaction site on the protein surface and its correlation to the protein flexibility measured by other 

means, in this case, SAXS.  

RESULTS AND DISCUSSION 

1. Effect of pH 

Tf releases ferric ions at endosomal pH 5.6 by opening the iron-binding site.56 From the SAXS 

experiments, different proportions of PO and HO conformers are observed depending on the pH.31 

The equilibrium between HO and PO conformations shifts towards the PO conformer with a 

decreasing pH. At pH 5, ~55% PO and ~23% HO were present whereas, this equilibrium shifts 

towards the HO conformer (90%) as the pH increased to 6.5 and above. Several factors such as 

lobe-lobe interactions and the change in protonation states of iron coordinating residues influence 

the conformational changes that lead to ferric ion release from the lobe.26,57 Studies carried out 

previously have shown that the electrostatic field around Fe3+ is important for the opening of the 

lobes.58 Therefore, the electrostatic potential surface was calculated using H++ server37, 

considering the most representative structure extracted from clustering of the MD trajectory. Using 

the agglomerative hierarchical clustering approach, the conformations generated over time were 

grouped into distinct clusters depending on the conformational similarity.59 
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At pH 5, the electrostatic potential surfaces of PO and HO were similar (Figure 2A, B). However, 

the titratable residues (D63, Y95, Y188, K206, H249, K296, D392, Y426, Y517, K534, H585) 

coordinating with Fe3+ were susceptible to changes in their protonation states. Change in the 

protonation states of these residues is known to initiate the conformational change since the 

corresponding residues lose the ability to coordinate to iron.19-27,47 The simulations reveal that at 

pH 5, the protonation states of Y95 and Y188 fluctuate between being protonated and deprotonated 

(on the hydroxyl group) during the 100 ns simulation. In the simulations, Y188 was seen to drift 

away from the iron, indicating that Y188 is involved in ferric ion release from N-lobe (Figure S1). 

This is in line with the previous studies which indicate that the opening of the N-lobe is triggered 

by the protonation of Y188.60 Further, K206, which is a part of the “dilysine trigger”, is protonated 

at pH 5.0 most of the time during the simulation, whereas, it remains deprotonated at pH 6.5 and 

8.0. Previously, it has been reported that protonation of one of the lysine residues constituting the 

“dilysine trigger” initiates conformational change for N-lobe opening61. Additionally, root mean 

square fluctuations (RMSFs) of the lobes are higher at pH 5 as compared to pH 8. The N-lobe has 

higher fluctuation compared to the  C-lobe (Figure 3) owing to the presence of an extra cystine in 

the C-lobe. 

Through SAXS analysis, it was observed that at pH 5, the fraction of PO and HO conformations 

are ~55% and ~23%, respectively.31 With the increase in pH to 6.5 and 8, the equilibrium was 

shifted towards the HO conformation (90%) and resulted in the absence of PO conformation.31 

Ideally, at physiological pH, Tf exists in the closed form. During the simulation of the HO at pH 

6.5 and 8, neither Y95 nor Y188 was protonated, and Lys206 was deprotonated keeping the 

dilysine-bridge intact. During the course of the simulation, no drastic change in conformation was 

encountered. Root mean square deviation (RMSD) of Tf fluctuated within 6Å (Figure S2). These 

findings were in agreement with the SAXS results wherein HO conformation existed in high 

proportion at pH 6.5 and 8.31 This further supports the view that HO conformation is preferred 

since Y188 and K206 are deprotonated in the HO conformer. Additionally, at pH 6.5, electrostatics 

surface plots following the simulation of PO conformation indicated that PO is not favorable due 

to the negative charge-charge repulsion at the interface linker region (Figure 2C). This mainly 

arises due to the lowering of the hinge distance (end-to-end linker residues 331-339). For PO 

conformer at pH 6.5, the hinge distance was 14.4+/-2.1 Å due to the opening of the N-lobe. On the 

other hand, the interface appeared less positive in the HO conformation with an average hinge 
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distance of 17.1+/-2.0 Å at pH 6.5 (Figure 2D). Overall, pH has an effect on the preference for 

different conformations. As discussed above, PO conformation is preferred at pH 5, and with an 

increase in pH, Tf structural preference shifts towards HO conformation.  

 

 

 

 

 

 

 

 

 

 

Figure 2. Electrostatic potential surfaces calculated for A. PO, pH 5; B. HO, pH 5; C. PO, pH 6.5; 

D. HO, pH 6.5. The H++ server was used to generate the electrostatic potential surfaces. Red, 

white, and blue surface colors indicate negative, close to neutral and positive potentials, 

respectively, as indicated by the color bar. 

Figure 3. RMSF plots of N-lobe and C-lobe at pH 5.0 (green line) and 8.0 (black line). 
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2. Effect of salt 

Comparative electrostatic surface studies of the PO conformer at pH 5 for varying concentrations 

of salt (0 and 70 mM) were carried out. It was observed that the iron-binding cleft in the N-lobe 

had a balance of positive and negative charges at 0 mM NaCl, as opposed to a positively charged 

surface in 70 mM NaCl (Figure 4A, B). Previous studies on the salt effect have shown that the 

binding of chloride ions to Tf has a synergistic effect on the ferric ion release from the lobes.28,62 

Further, R124 has been recognized as a kinetically significant anion binding site that 

accommodates chloride ions and allosterically communicates with the iron coordinating 

residues.63 In this work, negative PIC values for chloride ions implied that it prefers to be away 

from the protein vicinity. However, there were some sites on the protein surface that made 

favorable interactions with the salt. Strong chloride ion binding was observed in the N-lobe iron-

binding cleft for HO and PO conformations, i.e., chloride ions were bound most of the simulation 

time (Figure 5B, C). Thus, the binding of chloride in the iron-binding cleft of N-lobe plays a key 

role in conformational changes causing ferric ion release.  

 

 

 

 

Figure 4. Electrostatic potential surfaces for PO conformation at pH 5 and A. 0 mM NaCl, B. 70 

mM NaCl, and C. 140 mM NaCl. 

To conclude, as seen in SAXS experiments31 at pH 5, increasing the salt concentration shifts the 

equilibrium, PO  HO, to a higher percentage of PO conformation (from 55% to 64%) reducing 

the presence of HO conformation (from 23 % to 3%). Further, a strong negatively charged patch 

around the linker region connecting the N and C-lobes is seen in the absence of salt (Figure 4A). 

The electrostatic potential around the interdomain linker region shifts from positive to neutral as 

the salt concentration is increased from 70 to 140 mM NaCl (Figure 4B, C), which leads to a higher 
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chloride ion accumulation in the interdomain region at 70 mM NaCl as compared to 140 mM NaCl 

(Figure S3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. A. PIC values of sodium and chloride ions are shown for the HO and PO conformers at 

selected conditions corresponding to the conditions used for the SAXS experiments. Positive PIC 

values imply ongoing salt accumulation on the protein surface or favorable protein-salt 

interactions, while negative values indicate saturation of protein surface with salt or unfavorable 

protein-salt interactions. B. Structure of N-lobe iron-binding site of HO conformer colored based 

on the 𝑃(𝐼 ) for chloride ions at pH 5, 70 mM NaCl, C. Structure of N-lobe iron-binding site 

of PO conformer colored based on the 𝑃(𝐼 ) for chloride ions at pH 5, 70 mM NaCl. The 

coloring scale goes from red, blue, to white for strong, medium, and weak interaction, respectively. 

Strong interactions imply that ions are bound most of the simulation time.  
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For the PO conformer, at pH 5 and 70 mM NaCl, chloride ions strongly interact in the iron-binding 

cleft of the N-lobe and around the linker region of the protein to balance the positive surface 

charges in order to stabilize the PO conformer (Figure 5C). At 140 mM NaCl, the PIC values for 

chloride ions are lower as compared to 70 mM. This implies that saturation of the protein surface 

with chloride ions has already reached at 70 mM NaCl, and a further increase in the salt 

concentration to 140 mM leads to salt accumulation in bulk (Figure 5A). On the other hand, even 

though the PIC values for the sodium ions are positive, the absence of sodium ion interaction on 

the N-lobe iron-binding site implies that sodium may not contribute to the opening of the N-lobe 

(Figure 5A, Figure S4). However, sodium ion binding is observed elsewhere on the protein. 

 

 

 

Figure 6. Electrostatic potential surfaces for HO conformation at pH 6.5 and A. 0 mM NaCl, B. 

70 mM NaCl and C. 140 mM NaCl.  

Unlike at pH 6.5, at pH 5, the shift of the equilibrium from HO to PO conformation with the 

addition of salt can be explained by two effects, i.e. change in the protonation states of Y188 and 

K206; and binding of chloride ions in the iron-binding site of N-lobe (Figure 5B). According to 

SAXS results, Tf is only present in the HO conformation (90%) at pH 6.5, and the addition of 

NaCl does not promote the PO conformation.31 At pH 6.5 and 0 mM NaCl, the interface region 

(around residues D307, E315) is negatively charged (Figure 6A). However, already at 70mM 

NaCl, there existed a balance of positive and negative charges around the interdomain interface 

region (Figure 6B, C). As reflected by the PIC data (Figure 5A), the trend for chloride and sodium 

PIC values for HO conformation is similar for the two salt concentrations at pH 6.5. At 70 mM 

NaCl, there exists chloride interactions with protein around the iron-binding site of N-lobe (Y188, 

R124, H246, K296; Figure S4), though, not strong as at pH 5 (Figure 5B). Up to a concentration 

of 140 mM, accumulation of salt is not seen in the iron-binding site of N-lobe (data not shown). 
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Thus, it shows that the added salt goes into the bulk, which is reflected as a high negative PIC 

value for chloride (Figure 5A). 

3. Effect of excipients 

In the following section, the term excipient is used in a wider range that also includes the buffering 

agents as excipients64 since the tested buffer systems not only regulate shifts in pH, but the buffer 

components also interact with Tf and affect its conformational stability. Generally, different 

conformations are stabilized by the respective excipients by binding to different sites in the PO 

and HO conformers. This is expected due to the different physicochemical properties of the 

excipients. Besides, at pH 5, arginine and histidine carry a charge of +1 each, whereas acetate has 

a charge of -1. Moreover, arginine has a hydrophobic fatty acid chain, and histidine has aromatic 

properties. Figure 7 depicts the PIC values calculated at selected physicochemical conditions 

corresponding to the conditions used for the SAXS experiments. The general trend is that similar 

PICs are observed for arginine and histidine at pH 5 irrespective of the two conformers (HO, PO). 

Conversely, the negatively charged acetate remains mainly in the bulk phase at pH 5, as indicated 

by the negative PIC value (Figure 7). Only a few regions on the protein surface are potential 

interaction sites for acetate (Figure 8D). At pH 5, the distances of the coordinating residues to iron 

were measured (considering the center of mass) to see if the addition of excipients can induce 

conformational changes in Tf (Table 1). Coordinating residues such as Y188 and R124, lose 

contact with iron in the presence of excipients, which eventually leads to iron release. The addition 

of arginine or histidine led to an increase in the distance between iron and R124 by 1.1 Å and 3.2 

Å, respectively (Table 1). Essentially, this increase in the distance in the HO conformer causes 

iron to drift away from Arg124 to initiate iron release from the N-lobe. No significant change in 

the Fe3+-R124 distance was observed when acetate was added to the solution (Table 1). However, 

the distance between iron and Y188 increased in the presence of all three additives (Table 1). 

Additionally, the distance between the dilysine bridge (secondary shell iron coordinating residues) 

was high in the presence of excipients due to the protonation of K206 (Table 1) as compared to 

the start structure. On the contrary, no significant change in the distances between iron and the 

triad residues (K534, R632, D634) was observed. As a result, the increase in the distance of N-

lobe coordinating residues to the iron implies that the N-lobe opens first.  
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Table 1. Mean distances between iron and the coordinating residues, dislysine bridge are provided 

in this table for different buffer systems for HO-conformation at pH 5 are provided. Mean distances 

are significant if the difference is greater than 1Å when compared with the distance from the start 

structure. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. PIC( 𝛤 ) values determined from the simulations of the PO and HO conformers at 

selected physicochemical conditions corresponding to the SAXS experimental conditions. For 

phosphate, PIC value is only shown for pH 6.5 in order to compare the PIC values with that of 

histidine. 

Excipients interact with several patches on the protein surface of the HO conformer, however, only 

the relatively bigger (consists of atleast three residues) and strongly interacting patches (P(Iscore) > 

5) with the excipients is highlighted in Figure 8 and Figure 9. Arginine and histidine bind more 

Distances mean SD mean SD mean SD

Y95-Fe
3+ 5.9 5.9 0.2 12.1 1.2 11 0.6

Y188-Fe
3+ 6.3 7 0.3 10.5 2.3 9.3 0.7

R124-Fe
3+ 4.2 5.6 0.3 7.3 1.6 4.6 0.3

K206-K296 8.6 14.8 1.0 14.5 1.00 15.7 1.5

K534-Fe
3+ 7.3 7.8 0.5 7.9 0.5 8.3 1.1

R632-Fe
3+ 7.9 8.2 0.6 8.6 0.5 6.9 0.6

D634-Fe
3+ 

11 12.5 0.7 12.7 0.6 10.1 0.7

Start 
structure

AcetateArg His
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strongly in the C-lobe of the HO conformer as compared to acetate, which in comparison to 

arginine and histidine binds stronger in the N-lobe (Figure 8). The differences in the excipient 

interactions could be the reason for a higher fraction of PO conformation in case of histidine and 

arginine, but a lower fraction for acetate.31 However, the common region in the HO conformer 

where the excipients bind consists of residues D416 and D420 (C-lobe), and in the N-lobe residues 

89-93 (sequence EDPYT) (Figure 9). Furthermore, at pH 5, RMSF increases in these two loop 

regions upon excipient interactions implying conformational changes to initiate the opening of the 

N-lobe (Figure S5). These interactions are particularly interesting as they are absent at pH 6.5 for 

histidine and phosphate (Figure 9). Thus, these specific interactions cause conformational changes 

as reflected in RMSF and change in distances between iron and coordinating residues leading to 

HO to PO conversion (Figure S5). In conclusion, the differences in the extent of excipient 

interactions with Tf could explain the variations in the fraction of PO conformer seen in SAXS 

experiments.31  

 

 

 

 

 

 

Figure 8. Regions in the HO conformer colored according to interaction scores. Results are shown 

for A. 140 mM arginine, B. 140 mM histidine, C. 140 mM NaCl and D. 140 mM acetate at pH 5. 
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The coloring scale goes from red, blue, to white, which indicates strong, medium, and weak 

interaction, respectively. Two loop regions (in N and C lobe) are labelled. 

At pH 6.5, HO conformation is preferred as Y188 and K206 are deprotonated, as discussed in the 

pH section above. The charge of phosphate and histidine is -2 and 0, respectively, which makes 

phosphate more likely to interact with the exposed hydrophilic patches strongly as compared to 

histidine. Phosphate and histidine interactions in the C-lobe loop region (D416, D420) and N-lobe 

loop region (residues EDPYT; 89-93) are negligible at pH 6.5 for the HO conformer (Figure 9). 

The absence of these interactions could explain why HO conformation is favoured at pH 6.5.31 

Returning to the PIC data (Figure 7), phosphate has a substantially higher value compared to other 

excipients implying high preference of phosphate for the protein surface. The differences in PIC 

values can be used to understand the stabilizing ability of excipients.31 Generally, at pH 6.5, 

histidine interacts weakly with the protein surface in many regions (Figure 9B) causing 

stabilization of the HO conformer.31 Interactions in the loop region (D416-D420) close to C-lobe 

are weaker, and no interactions were observed around 89-93 (Figure 9B), which is the case for 

histidine at pH 5 (Figure 8B). The absence of these specific interactions at the two loops regions 

results in lower RMSF compared to at pH 5, which could be the reason for the stabilization of HO 

conformer at pH 6.5. 

 

 

 

 

Figure 9. Regions in the HO conformer colored according to interaction scores. Results are shown 

for A. 140 mM phosphate, pH 6.5, and B. 140 mM histidine pH 6.5. The coloring scale goes from 

red, blue, to white, which indicates strong, medium, and weak interaction, respectively. Two loop 

regions (in N and C lobe) are labelled. 
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CONCLUSIONS 

Human serum transferrin (Tf) can exist in three conformations, a holo form32, an iron-free apo 

form6, and an intermediate form called “partially open33”. Herein, we have combined MD 

simulations with SAXS experiments31 to investigate the structural properties of the conformers at 

different physicochemical conditions and the interactions of the excipients with the different 

conformers. In this study, the effect of pH 5, 6.5, and 8 were investigated. The main conformational 

drive into PO conformation at pH 5 is the protonation states of the iron coordinating residues. 

Previous studies, as well as our studies, have shown that protonation of Y188 brings about the 

change in the protonation of K206 that eventually leads to conformational changes. From SAXS 

results, it is observed that at pH 5, Tf exists predominantly in the PO conformation and the 

equilibrium shifts towards the HO conformer as the pH increases to 6 and above. Subsequently, 

the effect 70 and 140 mM NaCl were studied. At pH 5 and 70 mM NaCl, it is encountered that 

chloride ions bind strongly in the N-lobe iron-binding site of HO conformer, whereas these 

interactions are weak at pH 6.5. The driving force behind the accumulation of the salt in the N-

lobe iron-binding site is the change in the electrostatic potentials at this region. For 140 mM NaCl, 

regions surrounding N-lobe iron-binding site are saturated and salt goes into the bulk away from 

the protein vicinity. The study was extended further to understand Tf-excipient interactions. At 

low pH, excipients (arginine, histidine, and acetate) interact in similar loop regions located in the 

C-lobe (residues D416, D420) and N-lobe (residues EDPYT; 89-93) of HO conformer. These 

specific interactions cause conformational changes as reflected in the change in distances between 

iron and coordinating residues thus leading to HO to PO conversion. Moreover, the addition of 

arginine or histidine causes R124 in the HO conformation to drift away from the iron. 

Consequently, the iron-binding site opens up and essentially releases the iron from the N-lobe. 

Such a movement is not observed in the presence of acetate suggesting that a larger fraction of PO 

is present in the solution that contains arginine or histidine compared to acetate. At pH 6.5, 

histidine is neutral and interacts only weakly with several patches on the protein surface except at 

the two loop regions (residues D416, D420 and EDPYT; 89-93), which is otherwise strong in the 

two loop regions at pH 5 due to the +1 charge. Also, at pH 6.5, phosphate ions at 140 mM 

concentration do not interact in the N- and C-lobe loop regions, which could explain why PO is 

only favoured at pH 5. The computational approach presented can be applied to explore 

conformational dynamics of other biologics.  
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ABBREVIATIONS 

MD, molecular dynamics; Tf, human serum transferrin ; PO, partially open form of Tf; HO, closed 

form of Tf; AP, open form of Tf; PIC, preferential interaction coefficients; P(Iscore), interaction 

score; SAXS, small-angle X-ray scattering; RMSF, root mean square fluctuation; RMSD, root 

mean square deviation; TfR, transferrin receptor; BCT, bicarbonate; PDB, protein data bank 
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Figure S1. Distance between iron and coordinating Tyr residues at pH 5.0 for HO conformation. 

Y188 and Y95 were titrated during the simulations, and only Y188 moves away from iron due its 

protonation (red curve), whereas Y95 stays close to iron (black curve). Additionally, as a test case 
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in another independent simulation, Y188 was kept deprotonated (fixed) throughout the simulation; 

it shows that Y188 remains close to the iron (green curve). This demonstrates the role of 

protonation of Y188 in iron release at pH 5.  

 

 

 

 

 

 

 

 

 

 

 

Figure S2. RMSD plot for the different simulated systems.  

 

 

 

 

 

 

 

 

 

 

Figure S3. A. Structure showing the subdomain interface of PO conformation colored based on 

the 𝑃(𝐼 ) of chloride ions at pH 5, 70 mM NaCl. B. Structure of PO conformation colored 

based on the 𝑃(𝐼 ) of chloride ions at pH 5, 140 mM NaCl.  



Chapter 4. Transferrin 
 

29 

Figure S4. Structure showing N-lobe iron-binding site of HO conformer colored based on the 
𝑃(𝐼 ) for A. chloride ions at pH 6.5, 70 mM NaCl. B. sodium ions at pH 5, 70 mM NaCl. 

Figure S5. A. RMSF plot for the different excipient systems at pH 5. B. RMSF for the simulated 
system with histidine (140 mM) as excipient at pH 5 and 6.5  
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CHAPTER 5              HSA-NEP Fusion Protein 
5.1 Introduction 

Proteins can be comprised of single or multiple domains, which form the basic structural, 

evolutional, and functional units of proteins.151,152,153 Multi-domain architecture can be continuous 

(single chain) or discontinuous (different chains). Discontinuity in domain architecture can arise 

from the insertion of one domain into another domain. Generally, such insertions where two or 

more different protein domains are integrated into one biomolecule to meet the functional 

requirements of the organisms are termed as ‘fusion proteins’.154 Naturally, some proteins have 

been fused to perform efficiently in metabolic pathways, while others have shown to cause specific 

human diseases like leukemia.154,155,156 Over the years, researchers have developed many fusion 

proteins using recombinant DNA-technology or post-translation modification methods for various 

applications such as drug-delivery, stability improvement, and an increased plasma half-life of 

PPTs.154,157 Furthermore, fusion proteins can allow for equal biodistribution of two functionalities 

and are often used in the context of improving pharmacokinetics and pharmacodynamics.158 Figure 

5.1 shows a schematic overview of the steps involved in the rational design of fusion proteins. 

However, like PPTs, fusion proteins face formulation challenges159, such as the orientation of the 

two integrating proteins has to be optimal to avoid any interference in its functionality. Oftentimes, 

choice of the linker plays a role in functionalities, for example, a rigid linker could force a molecule 

into a desired conformation while a highly flexible linker might be required to enable a certain 

biological activity.159  

In this work, human serum albumin-neprilysin (HSA-NEP) fusion protein was investigated. The 

role of HSA and NEP in protein therapeutics will be discussed briefly. HSA is synthesized in the 

liver hepatocytes and released into the vascular system. It is a 66.5 kDa multifunctional 

(antioxidant functions, and transporter properties) non-glycosylated, negatively charged heart-
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shaped protein and forms the most abundant plasma protein in human blood (35-50 g/L).160,161 

HSA has an extended half-life of ~19 days, which is mainly mediated via neonatal Fc receptor 

recycling.160 Further, it contains numerous hydrophobic ligand-binding pockets that naturally 

serve as a transporter for a variety of different ligands such as steroids, fatty acids as well as 

different drugs.160,162 Therefore, its long half-life and binding properties have been explored in the 

formulation of many recombinant protein products.163 For instance, albumin fusion proteins have 

shown improved plasma half-life, good solubility, improved physical stability, and are easy to 

purify.157,164 Some examples include Albiglutide for the treatment of diabetes, which is also the 

first FDA approved fusion protein, as well as Balugrastim, and others are being evaluated in 

clinical trials.157  

NEP belongs to the class of transmembrane zinc-dependent metalloproteases with a relatively 

broad substrate specificity and has shown of being responsible for the degradation of several active 

peptides such as insulin, neurotensin, and amyloid-β.165,166 NEP cleaves peptides at the amino side 

of hydrophobic residues and inactivates them.167 Studies have shown that NEP deficiency in mice 

led to increased levels of amyloid-β peptides.167–169 Further, with aging, declining levels of NEP 

in the temporal and frontal cortex have been observed that could possibly be contributing to higher 

amyloid-β peptide levels.167 NEP is expressed in a variety of other tissues and is particularly 

abundant in the kidneys. It is also a common acute lymphocytic leukemia antigen representing an 

important cell surface marker in the diagnosis of this disease.170 On the other hand, several 

inhibitors targeting NEP have been designed with the aim of developing antihypertensive and 

analgesic agents that act by inhibiting NEP activity against signaling peptides such as endothelin, 

and natriuretic peptides.171,172 These therapeutic properties of NEP make it an interesting drug 

candidate.  

In SAXS experiments, it is observed that HSA-NEP is primarily present in four different 

conformational states.173 Flexibility in HSA-NEP arises due to a linker (GGGGS) connecting the 

two proteins (Figure 5.2). Moreover, the existence of these conformers is pH-dependent. Thus, in-

depth molecular level understanding about the preference for different conformations was explored 

using MD simulation and electrostatics calculations. In this chapter, only the contribution from the 

in-silico part will be discussed and how it correlates phenomena seen in SAXS173. 
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Figure 5.1. Schematic of the steps involved in the rational design of fusion proteins. (Image idea 
adopted from Yu et. al., 2015154) 
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Figure 5.2. Structure of HSA, NEP, and representative model of HSA-NEP. HSA and NEP 

globular structures are stabilized by 17 and 6 cystines, respectively. The C-terminal of HSA and 

the N-terminal of NEP are connected via a linker (GGGGS). Due to the presence of this linker, the 

fusion protein is quite flexible and attains different conformations depending on the pH.  

5.2 Methodology 

In SAXS experiments, four different conformations were predominantly seen that are extended 

(E), compact 1 (C1), compact 2 (C2), and compact 3 (C3) conformers. Crystallography resolved 

structures from the PDB for HSA (PDB ID: 6EZQ174) and NEP (PDB ID: 6GID166) were used as 

the template structures for homology modelling of SAXS based fusion protein models using 

Modeller9.2046 program. Using the PDB2PQR175 plugin in pymol176, structures were prepared at 

different physiochemical conditions (pH 5, 6.5, 8.5). The generated structures from PDB2PQR 

were taken for all-atom classical constant pH MD simulations using Amber 1691. The different 

systems were simulated for 50ns in explicit solvent utilizing ff99SB92 force-field for proteins. 

Approximately 60000 water molecules were added, which were represented using the TIP3P93 

water model. All bonds to hydrogen atoms were constrained using the SHAKE algorithm.73 

Sodium and chloride ions were used to neutralize the overall charge of the system. The complete 
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protocol used to set up MD is described in our previous work.125 HSA-NEP interaction interface 

is defined as follows. Considering the whole HSA molecule, residues belonging to NEP within 5 

Å of HSA were noted, and vice versa. All of these residues were defined as belonging to the HSA-

NEP interaction interface. It is observed that each conformer shares a different interaction 

interface. The titratable residues at the interface such as Asp, Glu, His, Lys were titrated during 

the simulation to account for changes in the protonation state. The MMGBSA105,111 free energy 

method was used to calculate the energy of interaction using the last 10ns of production runs where 

the systems have converged RMSD. Analyses were performed with CPPTRAJ95 in Amber 16, and 

VMD 1.9.3177. Using the hierarchical clustering approach178, cluster analysis was performed on 

the trajectory to collect the most representative structures. The most representative structure was 

taken further for electrostatics potential based surface coloring. PDB2PQR plugin for pymol176 

was used to generate the electrostatic surface plots. Moreover, HSA-NEP surface mapping based 

on interaction energy score was done to highlight residues that strongly contribute to the interface 

interaction energy. Additionally, the C2 conformer was simulated in 10 mM (11 molecules) Tris 

to understand its effect on conformational stability. Tris structure was downloaded from the Zinc 

Database47 and subsequently optimized at pH 8.5 using the ligprep tool, which is part of 

Schrödinger release 2016-3 (Schrödinger, LLC, New York, NY, USA)48. Applying antechamber60 

module in Amber 16 in combination with the AM1-BCC179 charge method, parameters for the Tris 

molecule were prepared. Furthermore, an interaction score per residue, 𝐼 , was calculated to 

estimate the binding capacity of Tris to residues on the protein surface. An interaction score 𝐼  

was defined as follows:  

 𝐼 =
𝑛

𝑁 ∗ 𝑎
 (28) 

where 𝑛 denotes the number of times Tris (considering the center of mass) was within 4 Å of a 

certain residue over simulation time, 𝑁 is for a total number of frames, 𝑎 is a normalization factor 

which ensures that the interaction score is converted into probability. 

5.3 Results and discussions 

SAXS generated models of HSA-NEP were used as template structures to build the different 

homology models (E, C1, C2, and C3). Figure 5.3 is adapted from Kulakova et., al.173 that shows the 

fraction of different conformers as seen in SAXS as a function of pH.173 Some of the other figures 

pertaining to the in-silico work are adapted from Kulakova et., al.173 
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Figure 5.3. The fraction of different conformers as a function of pH as seen in SAXS 

measurements. (image adapted from Kulakova et. al.,2019)173. 

E conformer 

Electrostatic surface potentials at pH 5.0 compared to pH 8.5 depict less prominent positive and 

negative patches (Figure 5.4). Furthermore, as the E conformer does not share a large interface, 

the free energy contribution at the interface at all pH values is similar (Figure 5.5B, C). The energy 

contributions are mainly seen around the linker (GGG; 886-888) residues. Additionally, at pH 5.0, 

the proximity between proteins decreases due to neutral patches around the interface resulting in 

a radius of gyration (Rg) of 46.0+/-0.2 Å (Figure 5.4A). Whereas, at pH 8.5, they remain relatively 

far from each other (Rg of 50.2+/-0.7 Å) due to repulsive negative charge-charge interactions 

(Figure 5.4B). In conclusion, HSA-NEP favors E conformer at pH 8.5 as compared to pH 5.0, 

which is mainly due to changes in the electrostatic surface potentials at the interface. This is in line 

with SAXS results where a higher preference for an extended conformation at pH 8.5 is seen as 

compared to pH 5.0.  

 

 

 

 

 

Figure 5.4. HSA-NEP surface coloring based on electrostatic potentials A. pH 5.0, B. pH 8.5. The 

electrostatic surface potential coloring scale is red, white, and blue, which indicates negative, 

neutral, and positively charged potentials, respectively, as indicated by the color bar. 
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Figure 5.5. A. Structure depicting the interface marked in red for the E conformation. Surface 

coloring based on free energy at different pH. B. pH 5.0 and C. pH 8.5. The free energy coloring 

scale is red to white, which indicates strong to weak interactions.  

C1 conformer 

Structure coloring based on the interaction energy shows that with increasing pH, the contribution 

of the free energy by interface residues decreases (Figure 5.6). In addition, electrostatic potentials 

around the interface change with pH (Figure 5.7). At pH 5, the interface has an equal balance of 

positive and negative charges leading to an Rg of 37.6+/-0.2 Å (Figure 5.7A). Furthermore, a 

balanced distribution of positive and negative charges at pH 5 causes the C1 conformer to come 

closer, leading to strong interface interactions (Figure 5.6B). While at pH 8.5, a positively charged 

patch is observed at the interface that causes positive charge-charge repulsion leading to an 

increased Rg of 39.7+/-0.5 Å (Figure 5.7B). In conclusion, as seen is SAXS experiments, the C1 

conformer is favored at pH 5 due to the balance of surface charges at the interface and favorable 

interface interactions. This preference decreases with increasing pH.  
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Figure 5.6. A. Structure depicting the interface marked in red for the C1 conformation. (B-D) 

Surface coloring based on the free energy of interaction energy at different pH. B. pH 5.0, C. pH 

6.5, and D. pH 8.5. Free energy is colored red to white, which indicates strong to weak interactions. 

 

 

 

 

 

 

Figure 5.7. Surface coloring based on electrostatic potentials A. pH 5.0, B. pH 8.5. The 

electrostatic surface potential coloring scale is red, white, and blue, which indicates negative, 

neutral, and positive potentials, respectively, as indicated by the color bar. 

C2 conformer 

Electrostatic surface potentials around the interface region changes with pH (Figure 5.8). The 

interface regions become more hydrophilic with increasing pH. Negative charge-charge repulsion 
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is observed leading to unfavorable interactions (Figure 5.8). At pH 5.0 and pH 6.5, no significant 

change in the interface electrostatics is seen (Figure 5.8A, B).  

 

 

 

Figure 5.8. Surface coloring based on electrostatic potentials for C2. A. pH 5.0, B. pH 6.5, and C. 

pH 8.5. Red, white, and blue surface colors indicate negative, neutral and positive potentials, 

respectively, as indicated by the color bar. 

 

 

 

 

 

 

 

 

Figure 5.9. A. Structure depicting the interface marked in red for the C2 conformer. Surface 

coloring based on free interaction energy for B. pH 8.5, C. pH 6.5, and D. pH 5.0. Surface coloring 

based on interaction energy is colored red to white, which indicates strong to weak interactions, 

respectively.  

Comparing the interface energy of C2 conformer at pH 8.5 and pH 6.5, some residues such as 

E1043, D553, D549, and Q543 contribute more to the interaction energy as compared to at pH 5 

(Figure 5.9). However, we do not see a significant change in the interface interaction energy. In 
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conclusion, as seen in SAXS experiments, C2 prefers to be present at lower pH (5 and 6.5) as 

compared to pH 8.5 due to the compaction of the structure that is favored due to the balance of 

electrostatic charges at the interface (Figure 5.8A, B). On the other hand at pH 8.5, negative 

electrostatics at the interface causes charge-charge repulsion (Figure 5.8C) 

C3 conformer 

At pH 5.0, electrostatic surface potentials at the interface are positive favoring repulsive behavior 

(Figure 5.10A). With an increase in pH, interfacial charge distribution becomes neutral (Figure 

5.10B, C). Thus, making C2 more favorable at pH 8.5. In addition, surface coloring based on free 

energy contribution shows that a major contribution comes from the region close to the linker 

(residues 584-590; Figure 5.11C).  

 

 

Figure 5.10. Electrostatics around interface change for C3. A. pH 5.0, B. pH 6.5, and C. pH 8.5. 

Red, white, and blue surface colors indicate negative, neutral, and positive potentials, respectively, 

as indicated by the color bar.  

In figure 5.11B, interaction sites of Tris at the interface of HSA-NEP are highlighted. Contribution 

from some of the interface residues, such as K475, V498, C471, C479, C600, K603, R607, to the 

overall interface interaction energy is greater in the presence of Tris at pH 8.5 (Figure 5.11D). 

Additionally, the overall interface interaction energy at pH 8.5 favors C3 in the Tris buffer (Figure 

5.11E). In conclusion, binding of Tris to C3 improves interface interaction energy, and thus, C3 is 

favored in Tris buffer at pH 8.5. 
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Figure 5.11. A. Structure depicting the interface marked in red for the C3 conformation. B. 

Interface coloring based on Tris 𝐼 . Coloring from white, blue to red implies no interaction, 

weak, and strong interactions, respectively. Interface coloring based on the free energy in the 

presence of Tris (C.) and absence of 10mM Tris (D.). The coloring scale goes from red, blue, 

yellow, to white, which indicates strong, medium and weak interaction, respectively. E. Plot 

showing energies calculated by MMGBSA for C3 at pH 8.5 in the presence and absence of 10mM 

Tris. 
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CHAPTER 6         Conclusions and future perspectives 
Several in-silico methods were used in the projects to understand the conformational stability of 

distinct protein and peptide therapeutics (PPTs) in various physicochemical conditions. Most of 

the in-silico studies were supplemented with experimental results from SAXS, MST, and NMR. 

A combination of experimental and in-silico work gives an enhanced overview of the formulation 

aspects such as physical stability (from experiments) and mechanisms driving the different 

conformation (from in-silico). In all the studies, in-silico conditions were kept similar to 

experimental conditions to mimic the in-vitro conditions closely. 

Stability of plectasin (PP40) and the three peptides (PP41, PP42, PP43) were discussed in Chapter 

3.125 All the plectasin variants were conformationally stable during the course of 100 ns MD 

simulations at all pH and salt conditions. Only a slight increase in the flexibility was observed 

around the tetrapeptide stretch with an increase in pH. In addition, the preferential interaction 

coefficients were calculated to understand the effect of salt (NaCl). Overall, sodium ions have a 

high preference for the peptide as compared to the chloride ions, and the accumulation of sodium 

ions occurs around 10GLU and 12ASP. Furthermore, the overall peptide stability leads us to 

explore the extent of involvement of the three cystines on the overall structural integrity. NMR 

and thermodynamic integration (TI) MD simulation methods showed the same order of cystines 

reduction, and complete unfolding was observed only upon reduction of all cystines. In another 

study, different excipients were screened to the wild-type plectasin. Thereby combining different 

orthogonal methods such as MD simulations, MST assays, and 1H-13C-HSQC NMR titration 

experiments, detailed molecular understanding of the peptide-excipient interaction sites, and 

affinities were achieved. The discussed in-silico approach, such as FTMap and LIE-MD methods, 

can be used as a quick screening method in combination with MST to relatively rank various
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excipients and predict their potential binding sites. Overall, the in-silico studies were in excellent 

agreement with the experimental results.  

Conformational stability of human serum transferrin (Tf) in various formulation conditions was 

discussed using SAXS and MD simulations in Chapter 4. In SAXS experiments, it is observed that 

Tf prefers to exist in partially-open (PO) conformation at pH 5, above this pH, it prefers to be in 

closed (HO) conformation. The main conformational drive from HO to PO conformer at pH 5 is 

the protonation of Tyr188 and further protonation of Lys206. However, the change in protonation 

states is not observed when the pH is increased above 6; thus, Tf prefers to be in HO conformation. 

Subsequently, the effect of salt was studied at 70 and 140 mM NaCl. At pH 5 and 70 mM NaCl, it 

is observed that chloride ions bind strongly in the N-lobe iron-binding site of the HO conformer, 

whereas these interactions are weak at pH 6.5, thus implying the role of chloride ions in driving 

HO to the PO conformer. At 140 mM NaCl, these regions are saturated, and salt prefers to be in 

bulk. Further, the effect of different excipients was studied. It is predicted that interactions of 

additives in the two-loop regions (C-lobe residues 416, 420 and N-lobe residues 89-93) of the HO 

conformer is the driving force for conformational change from HO to PO conformer. Furthermore, 

at pH 6.5, the interactions of the excipients with residues in the N- and C-lobe loop regions are 

negligible, which could explain why the PO is only favoured at pH 5. In general, binding of salt 

and excipients to specific regions, as discussed above, causes iron to lose coordination with the 

surrounding residues, thus driving HO towards PO conformer. 

Lastly, the conformational stability of HSA-NEP fusion protein in different formulations was 

investigated in Chapter 5. Initially, SAXS experiments were performed which showed that the 

fusion protein prefers to be in distinct conformations (E, C1, C2, C3) depending on the pH. Different 

conformers share distinct HSA-NEP interfaces, which in turn lead to distinct changes in surface 

electrostatics with change in pH and additives. Therefore, in-depth insights at the molecular level 

on the preference for different conformations were studied using in-silico approaches such as 

electrostatics and MMGBSA-MD simulations, to comprehend and better understand the SAXS 

findings. 

In a broader perspective, the different projects have shown the complementarity between 

experimental approaches and in-silico methods. In this regard, in-silico approaches can provide a 

robust platform to understand and correlate macroscopic behavior to the molecular levels. Such a 
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screening approach can be applied to any kind of PPTs to narrow the screening conditions to 

potential formulation hits. This will save not only time but also the cost of development and 

manpower. 
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Appendix 
1. AMBER CPPTRAJ commands 

The various amber commands used extensively during the PhD is given below. Each command is 

commented with a hashed (#) statement. To get more details about each command, one can refer 

to the Amber 1691 manual. These commands should be copied into a file ‘cpptraj_analysis.in’ and 

executed as ‘cpptraj –p parameter.parm7 –i cpptraj_analysis.in’.  

cpptraj_analysis.in 
#take every second frame  
trajin trajectory.nc 1 10000 2  
autoimage 
strip :WAT 

#RMSF and RMSD w.r.t minimised structure for protein 40 AA long 
reference min.rst7 
rms reference out rms.dat :1-40@CA,C,N 
atomicfluct out bfactor.dat :1-40@CA,C,N byres bfactor 
atomicfluct out rmsf.dat :1-40@CA,C,N byres 

#contactMap for native and nonnative with reference to the first frame 
nativecontacts :1-984 writecontacts nativecontacts.dat resout res noimage 
distance 7.0 out contacts.out first resoffset 2 contactpdb contacts.pdb 
byresidue map mapout gnu series seriesout nativeseries.dat 

#clustering into 5 clusters using average linage clustering  
cluster clusters 5 rms :1-40@CA,N,C sieve 10 out cnumvtime.dat summary 
summary.dat info info.dat cpopvtime cpopvtime.agr normframe repout rep 
repfmt pdb averagelinkage clusterout cluster.nc clusterfmt netcdf 
singlerepout singlerep.nc singlerepfmt netcdf avgout Avg avgfmt restart 

#dssp gnu plot command 
secstruct :1-40 out dssp.gnu sumout dssp.agr 
#radiaus of gyration of the non-hydrogen atoms of residues in the mask 
radgyr :1-40&!(@H) out RoG4.0.dat mass nomax 
#total accessible surface area of residue number 4 and 30 
surf :4,30 out sasa.dat 

#contantMap for native and nonnative with reference to the first frame 
nativecontacts :1-40 writecontacts nativecontacts.dat resout res noimage 
distance 7.0 out contacts.out first resoffset 2 contactpdb contacts.pdb 
byresidue map mapout gnu series seriesout nativeseries.dat 

#PCA analysis, first make covariance matrix and sort into 20 eigenvectors 
matrix covar name covmat out covmat-ca.dat @CA  
diagmatrix covmat out evecs-ca.dat vecs 20 
run 
projection modes evecs-ca.dat out pca12-ca beg 1 end 20 @CA #project 
eigenvectors 1 and 20 
run 
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2. Script for PCA and FEL analyses 

Example input file for PCA analysis and subsequently histogram analysis to sort PCA into 50 bins. 

The scripts generates a gnu plot (FEL_CA.gnu) that can be presented as a 2D FEL by default using 

gnuplot software. These commands should be copied into a file ‘PCA_FEL.in’ and executed as 

‘cpptraj –p parameter.parm7 –i PCA_FEL.in’. 

PCA_FEL.in 
trajin trajectory.nc 1 10000 2 
autoimage 
strip :WAT,Cl-,Na+ 
# Fit to first frame, create average structure, save coordinates 
rms first 
average avg.nc 
createcrd CRD1 
run 
 
# Load average as reference, fit saved coordinates to reference 
reference avg.nc [ref1] 
crdaction CRD1 rms @CA,N,C ref [ref1] 
 
# Calculate covariance matrix from rms-fit coords 
crdaction CRD1 matrix covar name matrixdat @CA,N,C out covmat-ca.dat 
 
# Diagonalize matrix, save eigenvectors as MyEvecs 
runanalysis diagmatrix matrixdat out evecs-ca.dat vecs 10 name MyEvecs 
 
# Project fit and saved coordinates along eigenvectors 
crdaction CRD1 projection PROJECT modes MyEvecs beg 1 end 2 @CA,N,C 
 
# Create histogram 
runanalysis hist PROJECT:1 PROJECT:2 free 300 out FEL_CA.gnu bins 50  
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3. Scripts for FTMAP calculations  

Protein-excipient hotspot identification 

Clustering analysis is performed using CPPTRAJ95 tool in Amber 16 on the simulated system to 

collect different representative conformers. Command for running clustering analysis is given 

above (section 1). These cluster representatives were subjected to FTMap run. The nonbonded 

interaction output file for each of the conformers from FTMap server is taken for hotspot 

calculations. Scripts written for the analyses is given below. The README file provides a list of 

commands that is used to identify protein-ligand interaction hotspots. Example output file 

‘output_abv1.output’ is also given below.  

     README 
#!/bin/bash 
#List the FTMap output files for all the conformers in run_perl 
ls nonbonded*.rawextract > run_perl.sh 
#amend each line in the run_perl.sh file as follows to be able to run 
hotspot.pl script 
vi -c '%s/.*/perl hotspot.pl & 3 0 2 > &.output' run_perl.sh 
#save the changes with: ':q!' 
#execute the script 
sh run_perl.sh 
 
ls nonbonded*.output > getscore_above1.sh 
#amend each line in the getscore_above1.sh file; get rows that has score 
above 1 in 3rd column 
vi -c '%s/.*/awk '$3 >= 1 {print} ' & > &.out' getscore_above1.sh 
#save the changes with: ':q!' 
sh getscore_above1.sh 
 
#paste all data from *.out files into output_abv1.txt 
cat *.out > output_abv1.txt 
sed -i -e '/^A/ d' output_abv1.txt 
awk '{print $1"   "$2}' output_abv1.txt > output_abv1.input 
#perl script count_repeatitions.pl counts the occurrences of residues  
perl count_repeatitions.pl output_abv1.input > output_abv1.output 
sort -k 1,1h < output_abv1.output 
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Hotspot.pl 
#!/usr/bin/perl  
 
use strict;  
use warnings;  
 
my $file = $ARGV[0];  
my $col = $ARGV[1];  
my $res = $ARGV[2]; 
 
open(my $CPUFILE, "<", $file) || die "Unable to open !";  
 
my @values;  
my %res_num; #use a hash to refer to corresponding value 
my %res_name; #use a hash to refer to corresponding value 
 
 
while (<$CPUFILE>) {  
  chomp;  
    my @col = split /\t/;     # Assume basic tab delimited  
    $res_num{$col[$ARGV[1]]}=$col[$ARGV[2]]; 
    $res_name{$col[$ARGV[1]]}=$col[$ARGV[3]]; 
     
 if ($col[$ARGV[1]] > 0)  {  
        push @values, $col[$ARGV[1]];   # Column 3 is what we 
want,starts with 0 numbering 
         }  
       }  
 
        my $total = 0;  
        $total += $_ for @values;  
        my $average = sprintf "%.2f", $total /@values;  
 
foreach my $val (@values){ 
 my $spot = sprintf "%.2f",$val /$average; 
 print "$res_num{$val} $res_name{$val} $spot"."\n"; 
} 
        print "Average of $file is $average";  
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count_repetitions.pl 
#!/usr/bin/perl 
 
use strict; 
use warnings; 
 
my $file = $ARGV[0];  
 
open(my $CPUFILE, "<", $file) || die "Unable to open !";   
my @array; 
my @values; 
 
 
while (<$CPUFILE>) {   
  chomp;   
    @array = split /\n/;     # Assume basic new line delimited   
 push @values, @array; 
} 
 
 
my %count; 
$count{$_}++ foreach @values;                 
  #output the counts 
                while (my ($key, $value) = each(%count)) { 
                    print "$key:$value\n";                    } 
 

 
 
 

output_abv1.output 
1   GLY:5 
2   PHE:5 
10   GLU:5 
11   ASP:5 
12   ASP:2 
14   GLN:2 
16   HSC:4 
18   HSC:5 
22   ILE:1 
25   TYR:4 
27   GLY:3 
28   GLY:3 
29   TYR:5 
30   CYS:3 
36   VAL:4 
37   CYS:5 
38   LYS:2 
39   CYS:3 
40   TYR:1 
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4. Scripts for PIC and P(Iscore) calculations 

Tcl scripts to obtain data to calculate PIC and P(Iscore) scores are provided below. A CPU job 

submission file (VMD_cpu.sh) to the HPC cluster to do these calculations is given below. 

Command to submit a job is ‘qsub < VMD_cpu.sh’. Provided two script files can be used to 

calculate PIC and P(Iscore) values for the additives (excipients or ligand) that are named as UNK.  

PIC score: The script script_PIC.tcl generates four files named UNK_local, UNK_bulk, 

WAT_local, and WAT_bulk.  

#command to calculate PIC per frame using 4 files obtained 
paste UNK_local UNK_bulk WAT_local WAT_bulk > temp_UNK; awk '{print ($2)- 
($6*(($4)/$8))}' temp_UNK > PIC_UNK.txt  

The PIC data generated from the above command is used subsequently to get ensemble average 

and standard error. One can consider splitting the data into several parts and doing the analyses as 

described in Indrakumar et. al., 2019.125 

P(Iscore): The script interaction_score.tcl generates a file named hot_UNK.dat. End of this file 

contains lines that correspond to the total number of times UNK molecules were seen with 4 Å of 

a given residues. These numbers should be used as N in the P(Iscore) formula to the obtain the score 

per residue.125 

If the calculations are to be performed for chloride ions or sodium ions. A point to remember is 

that chloride ions and sodium ions are named as Cl- and Na+, respectively in the amber parameter 

file (parm7). One has to change the naming to CLA (chloride ions) and SOD (for sodium ions) 

instead.  
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script_PIC.tcl 
set nf [molinfo top get numframes] 
 
set outfile1 [open "UNK_local" w] 
set outfile2 [open "UNK_bulk" w] 
set outfile3 [open "WAT_local" w] 
set outfile4 [open "WAT_bulk" w] 
 
 
for {set i 0} {$i < $nf} {incr i} { 
puts "frame $i of $nf" 
 
#Select the COM of UNK (name C2 in this case) within 8.0 Å of protein 
(local domain) 
set UNK1 [atomselect top "(resname UNK and name C2) and within 8.0 of noh 
protein"] 
$UNK1 frame $i 
$UNK1 update  
set nUNK1 [$UNK1 num] 
puts $outfile1 "$i $nUNK1" 
$UNK1 delete 
 
#Select the COM of UNK (name C2 in this case) outside of 8.0 Ã… of protein 
(bulk domain) 
set UNK2 [atomselect top "(resname UNK and name C2) and not within 8.0 of 
noh protein"] 
$UNK2 frame $i 
$UNK2 update 
set nUNK2 [$UNK2 num] 
puts $outfile2 "$i $nUNK2" 
$UNK2 delete 
 
#Select only the O of water within 8.0 Å of protein (bulk domain) 
set wat [atomselect top "(water and name O) and within 8.0 of noh 
protein"] 
$wat frame $i 
$wat update 
set nwat [$wat num] 
puts $outfile3 "$i $nwat" 
$wat delete 
 
#Select only the O of water outside of 8.0 Å of protein (bulk domain) 
set wat2 [atomselect top "(water and name O) and not within 8.0 of noh 
protein"] 
$wat2 frame $i 
$wat2 update 
set nwat2 [$wat2 num] 
puts $outfile4 "$i $nwat2" 
$wat2 delete 
} 
close $outfile1 
close $outfile2 
close $outfile3 
close $outfile4  
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interaction_score.tcl 

set sel_resid [[atomselect top "protein and alpha"] get resid] 
 
proc rmsd_residue_over_time {{mol top} res} { 
# use frame 0 for the reference 
set reference [atomselect $mol "protein" frame 0] 
# the frame being compared 
set compare [atomselect $mol "protein"] 
#make a selection with all atoms 
set all [atomselect top all] 
set fil [open hot_UNK.dat w] 
#get the number of frames 
set num_steps [molinfo $mol get numframes] 
 
foreach r $res { 
set rmsd($r) 0 
} 
 
#loop over all frames in the trajectory 
for {set frame 0} {$frame < $num_steps} {incr frame} { 
puts "Calculating rmsd for frame $frame ..." 
 
#loop through all residues 
foreach r $res { 
 
#Select the COM of UNK (name C2 in this case) within 4.0 Å of a given 
residue, do this over all frames 
set wat [atomselect top "(resname UNK and name C2) and within 4.0 of resid 
$r" frame $frame] 
$wat frame $frame 
set nwat [$wat num] 
puts $fil "$frame $r $nwat" 
set rmsd($r) [expr $rmsd($r) + $nwat] 
 
$wat delete 
} 
} 
 
#print total of times UNK was seen within 4.0 Å for every residue 
set ave 0 
foreach r $res { 
set rmsd($r) [expr $rmsd($r)] 
# print the RMSD 
puts $fil "no of UNK per residue $r is $rmsd($r)" 
set res_b [atomselect $mol "resid $r"] 
} 
 
close $fil  
} 
 
#Call the procedure 
rmsd_residue_over_time top $sel_resid 
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VMD_cpu.sh 
#!/bin/sh 
### General options 
### -- specify queue -- 
#BSUB -q hpc 
### -- export the job Name -- 
#BSUB -J rec 
### -- ask for number of cores (default: 1) -- 
#BSUB -n 24 
### -- specify that the cores must be on the same host -- 
#BSUB -R "span[hosts=1]" 
### -- specify that we need 2GB of memory per core/slot -- 
#BSUB -R "rusage[mem=2GB]" 
### -- specify that we want the job to get killed if it exceeds 3 GB per 
core/slot -- 
#BSUB -M 3GB 
### -- export walltime limit: hh:mm -- 
#BSUB -W 72:00 
### -- export the email address -- 
##BSUB -u soemya@kemi.dtu.dk 
### -- send notification at start -- 
#BSUB -B 
### -- send notification at completion -- 
#BSUB -N 
### -- Specify the output and error file. %J is the job-id -- 
### -- -o and -e mean append, -oo and -eo mean overwrite -- 
#BSUB -o Output_%J.out 
#BSUB -e Error_%J.err 
 

module load /appl/vmd/1.9.1/bin/vmd  

#command reads the trajectory file ‘prod_10.nc’ and parameter file ‘model_sol.mod.parm7’ and 
executes tcl scripts without opening VMD interface 

/appl/vmd/1.9.1/bin/vmd model_sol.mod.parm7 prod_10.nc -dispdev text -eofexit < script_PIC.tcl 
/appl/vmd/1.9.1/bin/vmd model_sol.mod.parm7 prod_10.nc -dispdev text -eofexit < script.tcl  
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5. Job submission files to the HPC  

The two script files (cpu.sh and gpu.sh) are used to submit jobs to the DTU HPC computing 

facilities. The cpu.sh file submits job to the CPU node containing 24 CPUs for minimization step 

of MD simulation in Amber 16. The gpu.sh file submits job to the single GPU node for other MD 

simulation steps (heating, equilibration, production) that is executed sequentially in Amber 16.  

cpu.sh 
#!/bin/sh 
### General options 
### -- specify queue -- 
#BSUB -q hpc 
### -- export the job Name -- 
#BSUB -J rec 
### -- ask for number of cores (default: 1) -- 
#BSUB -n 24 
### -- specify that the cores must be on the same host -- 
#BSUB -R "span[hosts=1]" 
### -- specify that we need 2GB of memory per core/slot -- 
#BSUB -R "rusage[mem=2GB]" 
### -- specify that we want the job to get killed if it exceeds 3 GB per 
core/slot -- 
#BSUB -M 3GB 
### -- export walltime limit: hh:mm -- 
#BSUB -W 72:00 
### -- export the email address -- 
##BSUB -u soemya@kemi.dtu.dk 
### -- send notification at start -- 
#BSUB -B 
### -- send notification at completion -- 
#BSUB -N 
### -- Specify the output and error file. %J is the job-id -- 
### -- -o and -e mean append, -oo and -eo mean overwrite -- 
#BSUB -o Output_%J.out 
#BSUB -e Error_%J.err 
 
module load cuda/10.0 
module load mpi/3.1.3-gcc-7.4.0 
module load gcc/7.4.0 
module load steno-amber/16.15 
test -f $AMBERHOME/amber.sh && source $AMBERHOME/amber.sh 
 
export PRMTOP=model_sol.mod.parm7 
export INPCRD=model_sol.rst7 
export MPIRUN=/appl/gcc/7.4.0/openmpi/3.1.3-lsf10b/bin/mpirun 
export CPIN=model_sol.cpin 
 
$MPIRUN -np 24 $AMBERHOME/bin/sander.MPI -O -p $PRMTOP -i min.in -c 
$INPCRD -r min.rst7 -o min.out -ref $INPCRD -cpin $CPIN -inf min.mdinfo  
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gpu.sh 
#!/bin/sh  
### General options  
### -- specify queue --  
#BSUB -q stenopippi 
### -- set the job Name --  
#BSUB -J Wild-type 
### -- ask for number of cores (default: 1) --  
#BSUB -n 1 
### -- specify that the cores must be on the same host --  
#BSUB -R "span[hosts=1]" 
## -- Select the resources: 1 gpu in exclusive process mode -- 
#BSUB -gpu "num=1:mode=exclusive_process" 
### -- specify that we need 2GB of memory per core/slot --  
#BSUB -R "rusage[mem=2GB]" 
### -- specify that we want the job to get killed if it exceeds 3 GB per 
core/slot --  
#BSUB -M 3GB 
### -- set walltime limit: hh:mm --  
#BSUB -W 160:00  
### -- set the email address --  
#BSUB -u soemya@kemi.dtu.dk 
### -- send notification at start --  
#BSUB -B  
### -- send notification at completion --  
#BSUB -N  
### -- Specify the output and error file. %J is the job-id --  
### -- -o and -e mean append, -oo and -eo mean overwrite --  
#BSUB -o Output_%J.out 
#BSUB -e Error_%J.err 
 
module load cuda/10.0 
module load mpi/3.1.3-gcc-7.4.0 
module load gcc/7.4.0 
module load steno-amber/16.15 
test -f $AMBERHOME/amber.sh && source $AMBERHOME/amber.sh 
 
export PRMTOP=model_sol.mod.parm7 
export INPCRD=model_sol.rst7 
export MPIRUN=/appl/gcc/7.4.0/openmpi/3.1.3-lsf10b/bin/mpirun 
export CPIN=model_sol.cpin 
 
$AMBERHOME/bin/pmemd.cuda -O -p $PRMTOP -i heat.in -c min.rst7 -ref 
min.rst7 -cpin $CPIN -r heat.rst7 -o heat.out -inf heat.mdinfo -x heat.nc 
$AMBERHOME/bin/pmemd.cuda -O -p $PRMTOP -i equil.in -c heat.rst7 -cpin 
$CPIN -r equil.rst7 -o equil.out -inf equil.mdinfo -x equil.nc 
$AMBERHOME/bin/pmemd.cuda -O -p $PRMTOP -i equil_1.in -c equil.rst7 -cpin 
$CPIN -r equil_1.rst7 -o equil_1.out -inf equil_1.mdinfo -x equil_1.nc -
cpout equil_1.cpout -cprestrt equil_1.cpin 
$AMBERHOME/bin/pmemd.cuda -O -p $PRMTOP -i prod.in -c equil_1.rst7 -cpin 
equil_1.cpin -r prod.rst7 -o prod.out -inf prod.mdinfo -x prod.nc -cpout 
prod.cpout -cprestrt prod.cpin 
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6. MST 

Table 6.1. Viscosity values measured using micro viscosizer (Anton Paar) at 1st, 4th and 8th dilution 

for the different excipients in 10 mM, acetate buffer at pH 4.   
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7. Points to remember- NMR 

NMR Experiments 
Commands to setup 1H, 2D-HSQC 

########################################################################## 
edc #copy parameters from one file into a new file  
sx 10 #take the 10th sample from autosampler for measurement 
lock; atmm; t  #lock, tune and shim, shim to have envelop width < 1 
p1 1; zg  
fp 
.ph #phase if needed by scrolling up and down after selecting one of the 
two keys (0 or 1). 
pulsecal #this is important so that the envelop width is within 1; 
compressing water signal is important. 
p1 4*8.4 #8.4 is the number from pulsecal command above. 
zg; fp 
getprosol 1H  
#command to set up 1H experiment in a queueing manner 
qu sx 10; qu lock H2O+D20; qu atma f1; qu topshim z6 tuneb; qu pulsecal 
quite; qu zg 
#STD/HSQC command 
qu pulsecal quiet; qu zg; sx ej  
#When you are looking for subtle changes in the protein, always use a 
#reference molecule (TSP has a peak close to 0 ppm) to reference other peaks 
#from protein. Make sure to not add too much TSP, just have it to find this 
#peak as reference. 
#command to find a peak close to 0 ppm 
sref 
 

Data Analyses 
########################################################################## 
#Always analyze the data in topshim first, that is to phase along x (R 
#button) and y (C button) and save it. 
.ph  
NC_proc=-3 # this is to make sure you collect all HSQC at the same contour 
level 
#take the data from topshim, to analyze in bruker2ucsf.exe  
bruker2ucsf.exe data\1\2ir *.ucsf  
#use the ucsf file to open in other software sparky 
ct #to adjust levels of +/- peaks 
rp #read peaklist 
#To move whole spectra along x or y, this is needed when referencing two 
#spectra measured in different buffers to show peaks at the same position; 
#adjust w1 and w2 accordingly 
st  
#To copy and paste assignments 
#click F1, oc, op 
#To peak center, make sure you see a peak to center it, otherwise it will 
assign to the wrong peak, or put it randomly 
pc 
ol #To overlay different spectra 
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