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Abstract — Key Words

In the past few years, a great number of computational tools have been
developed, for the in silico study of various biomolecules. Some characteristic
examples include Alpha Fold (3D Structure Prediction), GROMACS (Folding
Simulations) and Grcarma (Trajectory Analysis). These tools can be used to
examine the structure and the stability of several proteins, such as ROP. ROP
(Repressor of Primer) is a small bacterial protein with a plain secondary
structure, for which it is known that some point mutations at the position 30
of the loop region, result in structures with different Tm. This study focuses on
three ROP variants (D30G, Native & D30P), and aims to correlate their stability

with their Tm values.

Key Words:

AlphaFold, Molecular Dynamics Simulations, ROP, Point Mutation, Loop,
Thermal Stability, Tm — Thermal Stability, D30G, D30P
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NepiAnPn — Né€erg KAebra

Ta tedevtaia xpovia exel avamtuxOel evag PeydAog aplOUOC VTTOAOYLOTIKWY
epyodeiwv pe okomd TNV in silico  peAETn  Sla@opwv  Plopopiwv.
XapokTnpoTikd Topadeilypata  amotedovv 1o  AlphaFold  (mtpofAeyn
Tplodldotatng  Sopng mpwteivwy), TO GROMACS (TPOCOMOLWOELG
avadinAwong) kat To Grcarma (avaAuon TPOXLOKWVY). AUTA Ta epyoAsia
MTIOpPOUV va  xpnolpomoinBouv  yx T HEAETN TNG OOMAG KAl NG
otaBepoTnTag Mpwtelvwy, omwg n ROP. H ROP omoteAel pia pikpn
Baktnplokn pwTeivn pe amAn devtepoTtayr dopn, yla TnV omoia exel BpeOet
OTL SLAPOPEG onpelakeG petaAagelg otn Bgon 30 tou Ppoxo, odnyovv oe
OOMEG HE SLOPOPETIKA Tm. H CUYKEKPLUEVN EPYATI QPOPA TN MEAETN TPLWV
petoAAaypatwy tng ROP (D30G, Native kot D30P), pe okomod Tn OUOXETION

NG 0TABEPOTNTAG TOUG HE Ta avTioTolKa Tm.

NE€erg KAedux:

AlphaFold, Mpooopoiwon Moplakng Avvapikng ROP, Xnueiokny MetaAAaén,
Bpoxog, XtaBepotnTta, Tm — Oepuikn ZtaBepotnTta, D30G, D30P
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1. Introduction

1.1 Folding Problem & AlphaFold 3

For many decades, one of the greatest challenges that concerned the scientific
community was the “"Protein folding problem”. This problem refers to the
difficulty of predicting the three dimensional structure of a protein, only by

knowing their amino acid sequence. [1].

AlphaFold was first developed and released in 2018 by Deep Mind (subsidiary
of Google) and aims to provide a solution to this problem. More specifically,
it's a computational method based on artificial intelligence designed to
predict the three dimensional structure of a protein based on their primary
amino acid sequence. Additionally, it uses the prior knowledge about the
physical, chemical and biological background behind the mechanisms of
protein folding, while it also incorporates information about their evolutionary

history [2].

The most recent version of AlphaFold (AlphaFold 3/ AF3 — 2024) predicts with
even greater accuracy the 3D structure and can also identify various
interactions between a given protein with other molecules such as DNA, RNA,
ligands and ions. Moreover, it can predict interactions among two or more
different chains which function as a complex. Lastly, the structures derived
from AlphaFold seem to be accurate enough, even in cases where there is no

other similar, homologous or closely related structure in any database [3].



1.2 Molecular Dynamics

The knowledge of how a protein moves and folds in the three dimensional
space — or any other biomolecule - is essential in order to determine various
properties of the system, one of which is its stability. For that reason, it seems
extremely important to calculate the trajectory (total positions through which
each atom moves) of the system, in a certain period of time. This defines the
general folding/movement of the system. For that reason, there has been

developed and used molecular dynamic simulations and force fields.

Molecular dynamic simulations are computational tools, used to simulate the
folding process of a protein as well as to evaluate the dynamic behavior of a
system over time. Among the calculations performed by molecular dynamic

simulation software are:

1. The calculation of the positions and velocities of each atom at specific time
points.

2. The estimation of the forces between the atoms of a system (potential
energy). These forces determine the position of the atoms and
consequently of the entire protein.

3. The updating of the new velocities and positions which are calculated
during the simulation, using specific algorithms.

4. The creations of trajectories files that can be used in order to analyze and

visualize the structure [4].

One of the most important steps during a folding simulation is the calculation
of the total energy of the system for each time step. The total energy is the

sum of the kinetic and potential energy.



To perform this kind of calculations is essential to use:

1. Equations of classical mechanics

During a molecular dynamic simulation, Newton’s Second Law equation of
motion needs to be solved. This equation is based on the Cartesian
coordinates of the atoms in a molecule. One algorithm commonly used this
purpose is the “leap-frog algorithm”, which calculates the position of each
atom at a specific time step (dt) and the corresponding velocity at every
intermediate time (dt + dt/2). This is the default algorithm used in
“GROMACS", one of the most widely used and established molecular dynamic
simulations software. The "Velocity Verlet” algorithm can also be used, which

calculates both the position and the velocity at the same point of time [5].

2. Equations of Statistical mechanics

Statistical mechanics are used in order to describe the relationship between
the microscopic properties of the atoms of a system, such as their velocity and
position, and the macroscopic properties that characterize the whole system,
such as temperature and pressure. In other words, they connect the
macroscopic behavior of the protein with the microscopic properties of the

atoms of which it consists [6,7].

3. Force Fields (potential energy)

These are discussed in the next section.



1.3 Force Fields

Although the kinetic energy of a system can be easily determined, calculating
the potential energy seems to be more challenging. This happens because
potential energy depends in every kind of interatomic interactions including
both bonding and non-bonding interactions [5]. In order to determine the
new positions and velocities during the simulation process and to integrate
them with the previous results, it's important to know the forces acting upon

the atoms of the system [8].

More specifically, these interactions can be described mathematically using
the following potential energy functions:

V= Ebonding + Enon—bonding
Ebonding = Vstrech/lenght + Vangles/bending + Vdihedral/torsional

Enon—bonding = Velecrostatic + VLennard—Jones

Where Vgyrech refers to the energy associated with the stretch of a chemical
bond, Vangle, describes the energy between three different atoms that form an

angle and Viorsional  represents the energy of the rotation around the bond.

As for the non-bonding interactions, the Lennard Jones potential describes
the Van Der Waals interactions, which can be both attractive and repulsive

force that developed between two atoms



These kinds of forces can arise between:

» Two permanent dipoles
» One permanent-dipole and one induced-dipole

> Dispersion Forces (London) [9].

The electrostatic forces, on the other hand, are calculated using Coulomb’s
Equation. Both type of interactions, depend on the interatomic distance and

are essential for the determination of the potential energy.

These forces must be calculated for every time step of the simulation [8].

One possible approach is to calculate the potential energy, using quantum
mechanical equations such as Schrodinger’ equation. However, this approach
was not as efficient as initially expected, especially when the simulation
focuses on a large system. Additionally, their solution is extremely

computationally demanding [8, 10]

The solution to this problem arises from the development of force fields. Force
fields are mathematical models which take into consideration the total of the
interatomic forces and compute the potential energy which is responsible for

the new positions and velocities that each atom takes during the simulation.



1.4 ROP (Structure & Function)

ROP protein — Repressor of Primer — is a small bacterial RNA binding protein
consisting of only 63 amino-acids and derives from the bacterium Escherichia
coli (ColE1). Its main role is to regulate the replication of the bacterium’s
plasmids, by controlling RNA-RNA interactions. Its structure is well-known

from X-ray crystallography and H NMR experiments [11].

For plasmid’s replication, the bacterium uses DNA Pol | and a RNA molecule
named RNAII which functions as a primer. In vivo, ROP protein interacts with
another RNA molecule (RNAI), forming a complex which prevents the
initiation of the replication by interacting with RNAII. ROP does not work like a
conventional repressor, but it enhances the negative regulatory role of RNAI.
This mechanism is responsible for the preservation of a constant plasmid copy
number in the cell. Mutations on ROP or RNAI increase the plasmid'’s

replication frequency and leads to a higher number of copies [12].

More specifically, ROP is a homodimer, consisting of two chains, A and B, each
of them forms a pattern of an a-Helix — Loop — a-Helix (HLH). Each a-helix
from one of the chains packs with the other with the «knobs-into-holes»
model creating a secondary structure element, known as a coiled coil. The two
chains also pack together according to the “ridges-in-grooves” model,

resulting in a left-handed four-helix-bundle (3D structure) [13].



Figure 1: Native ROP, derived from Pymol. Picture of the 4-helix-bundle of ROP where A chain colored green and
B chain colored blue.

In ROP’s primary amino-acid sequence, there is a periodicity of seven residues
which is characterized by the presence of two hydrophobic residues at
positions a and d (1 and 4 of each heptad) and two charged residues at the
positions e and g (5 and 7) which are forming salt bridges. This results in the
formation of a hydrophobic-core at the center of the 4-helix-bundle which
consists of eight layers. These layers are placed symmetrically to an
intramolecular 2-fold axis which is responsible for the stability of ROP’s three-

dimensional structure.

This heptad periodicity ends at the loop residues and that is the reason that
these residues do not adopt an a-helical conformation due to lack of

interactions. Instead they appear to be less stable and more flexible [14].



1.5  Point Mutation & Tm

In Native's ROP primary amino acid sequence, an aspartate (D) is located at
position 30 (inside the turn region). Experiments, carried out in the early 90's,
have indicated that substitutions of aspartate with any other of the remaining
19 amino acids, does not affect ROP'S RNA-binding ability. However,
differences in their thermal stability were observed, as reflected in their Tm
(Melting Temperature) values. Tm is the temperature in which half of the
proteins are unfolded — lose their secondary and 3D structure. Tm values of all
these 20 variants, range from 58.9 °C to 80.3 °C, while Native ROP has a Tm
value of 68.7°C. The variant with the smallest Tm corresponds to D30P (proline
in position 30), whereas the variant with the higher Tm corresponds to D30G

(glycine in position 30) [15].

1.6  Main Question

This study focuses on the analysis and comparsion of the stability of Native
ROP structure and of two other variants, D30P and D30G. This became
possible thought the use of certain computational tools, such as trajectory
analysis software and other statistical tools. The main purpose is to determine
whether there is any correlation between their structural stability and their
melting temperature. More specifically, we aim to examine if an increase in Tm
value is quantitatively propotional to an increase in their general stability, as

observed in three independent molecular dynamic simulations.



2. Method

2.1 Alpha Fold

For the creation of the primary structure of D30G, wild type (wt) sequence of
ROP (PDB ID: 1RPR) was used, from residue 1 to residue 57, with a substitution

at position 30 from aspartate (D) to glycine (G).

" Protein > MTKGEKTALVN MARFIRSQTL TLLEKLNELG ADEQADICES LHDHADELYR SCLARFG

Figure 2: Amino acid sequence of D30G used for the prediction of the structure from AlphaFold, with the point

mutation at position 30. Two copies were chosen due to ROP’s homodimeric nature.

AlphaFold 3, among other parameters, calculates, for every structure
prediction, their ipTM and pTM scores. These scores evaluate the precision of

every three-dimensional structure prediction model. In this case:

1. pTM - Predicted Template Modeling score - shows how similar the

structure generated from Alpha Fold, is to the real one.

2. ipTM score - inter-chain predicted TM score - indicates how precise is the
prediction regarding to the interaction of two or more different chains -

subunits [16].

The greater the score is, the more accurate the prediction is. In the case of
D30G, ipTM score is 0.86 and pTM score equals 0.88. Both values indicate that

the prediction is very close to reality.
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Figure 3: D30G structure and PAE plot generated by AlphaFold.

The "Expected Position Error”, is a parameter used to quantify the confidence
of the prediction from AlphaFold, for each residue of the structure. Dark green
color (like in this case) shows that D30G approaches the real structure, with

high confidence.

2.2 GROMACS

GROMACS is well-established and widely-used software, especially in
structural biology, and it is designed to perform molecular dynamic

simulations.

In order for a molecular dynamics simulation to begin, we need to determine
the initial positions — coordinates of all the atoms of the system - and their
velocities at t=0 [17]. These initial coordinates can be obtained from X-ray
crystallography experiments, H NMR methods or, in this case, from three-

dimensional structure prediction models such as AlphaFold.
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Therefore, it is essential to add a water solvent model. This step is important in
order to simulate the normal environment in which a protein moves and folds.
The water molecules that overlap the protein need to be removed and get
rearranged in space, in the presence of the protein. That is why an energy
minimization step is nessecery. The default water model used is TIP3P (TIP 3-
point). It describes the water as a molecule of three atoms (2 H and 1 O) with
standard calculated Lennard-Jones forces. Moreover, the length of bonds and

angles is fixed [18].

The next step, includes the selection of an appropriate force field. In this case,
AMBER99SB*_ILDN was chosen. AMBER99SB*_ILDN is one of the several
improved version of Amber ff99SB force field. This improvement relates to the
atoms that constituting the backbone of the protein (*) as well as the torsion
angle of the side chain (R Group) of some specific amino acids — Isoleucine,

Leucine, Aspartic Acid and Asparagine - (ILDN) [19].

Before the production phase of the molecular dynamics simulation, an energy
minimization step has to be performed in order to remove any intense Van
Der Waals interactions. Skipping this step will lead to inaccurate and
unreliable results as well as, in a non-typical folding pattern which does not

correspond to reality [17].

The following step is the equilibration of the system. Firstly, equilibration takes
place under constant volume with the NVT ensemble (fixed number of atoms
— N, constant volume -V and temperature - T). This ensemble is used in order

to stabilize the temperature of the system. The second equilibration step is

11



performed under NPT ensemble (fixed number of atoms — N, constant
pressure — P and temperature -T). This ensemble enables the system to
stabilize its pressure and adapt its volume. Both of them allow the system to
move and fold under conditions that resemble its natural environment.
Consequently, the results of the simulation are more representative of the

actual dynamics of a protein [20].

Lastly, the production phase of the simulation takes place. The temperature of
the simulation was 320K. The files generated from this procedure, were used

for the analysis of proteins’ stability.

2.3  Xmgrace & xmgr

Xmgr is software used to create two dimensional plots from the data derived
from molecular dynamics simulations. Xmgrace is a more recent, improved
and optimized version of xmgr [21]. The first one was used for the
construction of RMSD and RMSF plots as well as for histograms showing the

distribution of RMSD values.

24 Carma & Grcarma (RMSD - RMSF - PDB)

Carma is a trajectory analysis software, used to analyze data obtained from
molecular dynamics simulations [22]. Grcarma is a fully automated and a more
simplified version of Carma software. That makes it easier in use even for more
inexperienced users [23]. Various types of analysis can be conducted using

both Carma and Grcarma.

12



For the purpose of this study, several analyses were performed, including:

1. Calculation of RMSF and RMSD values and creation of the
corresponding plots

2. Determination of the residues forming the turn’s region.

3. Principal Component Analysis (Dihedral & Cartesian PCA) and
eigenvalues comparison

4. Extraction of PDB files in order to visualize the structure.

RMSF plot

RMSF (Root Mean Square Fluctuation) indicates the average distance of each
each selected atom (for example Ca) of the protein compared to their position
in the average structure. For the construction of RMSF plots, the average
structure from all the frames of the simulation was initially created. Ca atoms
of all residues for both chains (A and B) were used for the calculations. The

step between frames was 1.

The same procedure was followed for all of the three structures (Native, D30P
and D30G). This resulted in a file named "average.protein.pdb”, which
includes, in different columns, the number of Ca of each residue, the name of
the residue and their chain identifier. The last column contains the

coresponding RMSF value.

After isolating the last column, this new files containing the RMSF values, were
used as an input for xmgr. Different plots were made comparing RMSF values
of residues from chain A and B, separately, of Native ROP, D30G and D30P.

Three more plots were constructed, from which some of the N-terminal and

13



C-terminal residues were removed, in order to determine the loop’s residues

and to observe their stability.
RMSD plot

RMSD (Root Mean Square Deviation) indicates the average distance (in
Angstroms) of each frame of the simulation, from frame 1. The higher the
RMSD value is the more the structure differs from the first one. That's why

RMSD can be used to evaluate the stability of the system.

For the construction of RMSD plots, “fitting” option from grcarma was used.
Among  the  generated files, there was a file  named
“rms_from_frame_1_protein.dat” which contained the RMSD values for each
frame. Using these files as an input for xmgr, three plots were produced. The
first plot contained the full length (all residues) Native ROP, D30G and D30P.
For the second plot, N-Terminal and C-Terminal residues of every structure,
have been removed. The last plot, contained only the residues of the

loops/turns which were determined based on their RMSF vlaues.

Extract PDB

Using the “extract pdb” option from grcarma and with step = 100.000 for the
Ca atoms, twenty frames were saved for each protein. These structures were
aligned based on the residues of the a-helices in order to identify the residues
or some specific regions of the loop that appeared to have higher mobility.

These results were also compared with their corresponding RMSF values.

14



2.5  Statistical Analysis with R — Library Sn

In order to calculate mean value, standard deviation and log-likelihood of the
RMSD values distribution, a statistical analysis was performed using R. These

statistical parameters are essential for quantifying the effect of each mutation.

The analysis performed for both the full-length protein (excluding tail

residues) and for only the residues forming the loop region of each structure.

Two statistical models were used for the same data set for all of three
structures. Initially, a skewed distribution model was used. This model is more
efficient when data follow an asymmetric distribution around their mean

value.
The first step was fitting the data, using the command:
“mod <- selm(V1~1, data=testdata)”

After fitting the data, the following values were extracted using the command

“summary (mod)":

= Mean

=>» Standard Deviation

=> Log-likelihood

= Gamma value (only for skewed distribution model). This value corresponds
to the skewness showing whether the data tend to lean to the right or to

the left.
Lastly, histograms and Q_Q plots were constructed for each structure.

The same procedure was repeated for a second time using the symmetrical
distribution model. The only difference was during the fitting step, where the

command was modified to:

“mod <- selm(V1~1, data=testdata, fixed.param=list(alpha=0))"”

15



Setting "alpha” parameter to 0, leads to the creation of plots that follow the

symmetrical distribution.

In the symmetrical distribution model, “summary (mod)” command does not
display a gamma value because skewness in that case equals zero, reflecting

the data’s symmetry around their mean value.

2.6  Dihedral PCA & Cartesian PCA

Principal Component Analysis or most commonly known PCA is a
computational method that aims to reduce the complexity in the dimensional
space. Molecular dynamic simulations generate a large amount of data which
are computationally demanding and challenging to analyze, making it difficult
to extract valid results. PCA, from all the information, keeps and presents these
data that are responsible for the greatest variability while it removes data that

do not affect the results significantly.

When referring to the protein folding simulation data, PCA preserves the
information responsible for increasing the mobility of the system, thus

affecting its stability. PCA can be Cartesian PCA and Dihedral PCA.

e In Cartesian PCA (cPCA), Cartesian coordinates (x, y and z), are used
because they define the positions of each atom in space, for every time
step of the simulation. However, this approach presents some difficulties
when separating the internal motions of a system’s atoms from its overall

movement [24].

16



e In order to analyze, with even the smallest detail the internal movement of
the atoms, Dihedral PCA (dPCA) can be performed. In dPCA, dihedral
angles are used. These angles refer to ¢ (phi) torsion angle which is
formed between the N atom and the central carbon (Ca) atom of an amino
acid and y (psi) which is formed between C atom and the central carbon

(Ca) atom of an amino acid.

Other internal parameters, such as bond length or bond angles, do not
change significantly during the simulation and consequently they can not be

used to indicate small alternations in the system'’s stability and mobility [25].

Initially, a dPCA was performed for the full-length structures excluding tail's
residues (from 1 to 5 and from 56 to 57). Then, another analysis took place,

using only residues of each turn (A and B) separately (from residue 27 to 34).

Following dPCA, two separate analyses were performed using cPCA. The first
analysis included residues 27 to 34, which form the loop of chain A, and
residues 21-24 and 39-42 which are parts of the a-helices of chain B and
locates across turn A. The second analysis, included residues 27 to 34 from the
loop of chain B and residues 21-24 and 39-42 from a-helices of chain A. The
purpose of these analyses was to observe any minor change in the
motion/interaction between each turn and the opposing residues from the a-

helices as well as to determine if this movement is related to their Tm.

Initially a fitting step was performed, using grcarma, in order to remove the

global and local rotation that could affect and distort the results.

17



Then, the cPCA option was selected and the following files were obtained (the

same type of files was also generated after dPCA):

> Files containing eigenvalues and eigenvectors of every principal
component

» Files including information about the clusters that emerged from the
analysis

> PDB files for the average and the representative structure of each cluster.

For cPCA, the representative structures of each cluster were visualized, and the
a-helical residues of each structure were aligned using PyMOL, for each

variant.

27 PyMOL

PyMOL is a visualization tool for proteins and other biomolecules. In that case,
it was used to visualize the representative structures of each cluster from the
PCA analyses as well as the structures derived from .pdb files generated from

grcarma after using the "exctract pdb” command.

18



3. Results

3.1 RMSF plot

RMSF values, are important to determine which residues are less stable and
which of them belong to the loop region of the protein. Firstly, a comparsion
was perfomed among A and B chains, seperately, of every structure. The

following plots obtained from xmgr:

Native & D30P & D30G — A Chain
5 L o T R LR e e P B ELE FUE S AS B SRS e G T i e e S B S

RMSF

0 oo b v o by v o by oy e by oy b o by e by e by oy o b v by oy b oy
0 5 10 15 20 25 30 35 40 45 50 b5 60
Residue

Figure 4: RMSF plot for chain A of Native ROP (black), D30P (red) and D30G (blue)

Native & D30P & D30G - B Chain
5

RMSF

O PR SR N W Y S ST SN N ST U W N SO SN W (NN SN W VAT SN (SN U WU TN N S YT SA U (NN SN U SN RN SN VAN SN SN T SN U VR SN SN N W S SN U N N
0 5 10 15 20 25 30 35 40 45 50 55 60
Residue

Figure 5: RMSF plot for chain B of Native ROP (black), D30P (red) and D30G (blue)
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The increased mobility of the three stuctures is caused by the presence of the
residues of the two terminals (figure 4 and 5) which, according to their RMSF
values, extend from residues 1 to 5 (for N-terminal) and from 56 to 57 (for C-
terminal). More specifically, residue 1 from chain A of Native ROP (Figure 4)
has an RMSF value approaching 4.5 A, while the corresponding value for D30P
is almost 4 A and for D30G is close to 3 A. The same happens with the
residues of the C-terminal for chain A, where residue 57, of all of the three

structures, is close to 2 A.

In order to locate and identify turn’s residues, and for that reason alone,

residues 1 to 7 and 53 to 57 were removed and new plots were created.

Native & D30P & D30G — A Chain
e T L o L B B L e e

8 13 18 23 28 33 38 43 48 53
Residue

Figure 6: RMSF plot for A Chain of Native ROP (black), D30P (red) and D30G (blue), without residues 1
to 7 and 53 to 57.
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Native & D30P & D30G - B Chain
2 T T T

8 13 18 23 28 33 38 43 48 53
Residue

Figure 7: RMSF plot for B Chain of Native ROP (black), D30P (red) and D30G (blue), without residues
1to 7 and 53 to 57.

After taking into consideration the fact that loop residues have increased
mobility [26] and consequently they are taking higher RMSF values, and
according to the diagrams above (figures 6 and 7), we can conclude that the
loop-turn residues of all of the three structure extend somewhere between 27

to 34.

3.2 Loop Residues

Then, a comparsion of RMSD values, was performed for residues with high
RMSF values (27-34) from plots (figures 6 and 7) and for residues that forms
the loop, after visualizing the representative structure
(representative.protein.pdb file) with Pymol. Additionally, RMSD values for
some residues within the a-helix were added in the comparison. These
residues are more stable than those in the loop, because they have a well-

defined secondary structure due to the presence of a large number of
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intermolecular interactions [14]. This results in lower RMSD values and more

stabilized structures.
From “representative.protein.pdb” file:

e Residues of the loop from chain A for Native ROP are L29 to D32 and for
chain B are L29 to D33.

e Residues of the loops for both chains of D30P are E28 to D32

e Residues of the loops for both chains of D30G are E29 to D32

Then RMSD plots were created, with xmgr, for loop’ residues only of Native

ROP, according to:

e Structure from PyMOL (29-32)
e Residues with high RMSF values (27-34)

e Seven residues located in the a-helix (20-26)

Loop 29-32 & 27-34
1 -5 r T r T T T

0 5e+05 1e+06 1.5e+06 2e+06

Frame

Figure 8: RMSD plot for residues 29 to 32 (red) from pymol, and residues 27 to 34 (turquoise) with the
lower RMSF values.

The first plot compared RMSD for residues 29-32 and 27-34
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The second plot included RMSD values of residues 20 to 26:

A-Helix & Loop 29-32 & 27-34
1.5 - . : ! : |

0.5

0 5e+05 1e+06 1.5e+06 2e+06
Frame

Figure 9: RMSD plot for residues 29 to 32 (red) from pymol, residues 27 to 34 (turquoise) with the lower
RMSF value and residues located in the A-helix (black).

Residues 20 to 26 from a-helix (figure 9) seem to have lower RMSD values and
smaller fluctuations compared to residues 29 to 32 and 27 to 34. Additionally,
residues 29-32, do not only take higher RMSD values but their values are also
unstable and more variable compared to those of a-helix. This confirms the

fact that loop’s residues present higher mobility.

However, RMSD values for 29-32, are lower than the respective values of
residues 27-34 (figure 8), leading to the conclusion that turn region extends

from residue 27 to 34.
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Additionally, in order to correlate each variant’s, turn-residues RMSF values,

with their Tm, the average RMSF of residues 27-34 was calculated and

compared.

Two tables were obtained, one for each turn:

A turn

Chain A D30G Native D30P
Residue 27 0.64 0.89 0.88
Residue 28 0.82 1.01 1.08
Residue 29 0.68 0.68 0.78
Residue 30 0.74 0.82 1.00
Residue 31 0.74 0.67 0.80
Residue 32 0.81 0.87 1.39
Residue 33 0.75 1.17 1.23
Residue 34 0.71 0.86 0.86
Mean 0.74 0.87 1.00
Tm 80.3°C 68.7°C 58.9°C

Table 1: RMSF values for residues 27-34 for each variant and their mean value, Turn A
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B Turn

Chain B D30G Native D30P
Residue 27 0.76 0.84 0.94
Residue 28 0.90 1.04 1.07
Residue 29 0.98 1.04 1.18
Residue 30 1.03 1.24 1.30
Residue 31 0.72 0.85 0.88
Residue 32 0.99 1.22 1.43
Residue 33 0.90 1.14 1.31
Residue 34 0.75 1.01 1.06
Mean 0.88 1.05 1.15
Tm 80.3°C 68.7°C 58.9°C

Table 2: RMSF values for residues 27-34 for each variant and their mean value, Turn B

From the tables above, it is observed that RMSF values increase progressively
from the D30G variant to the D30P variant. The same results can also be
verified from their corresponding mean values. For D30G, the mean RMSF
value equals to 0.74 and 0.88 for turn A and B, respectively. These values are
lower than those of Native ROP (0.87 and 1.05), while D30P variant exhibits
higher RMSF values than both of the other variants. D30P’s mean values are

1.00 and 1.15.
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3.3 RMSD plot & Histograms

The next step was the creation of RMSD plots and their corresponding

histograms showing the distribution of RMSD values for:

(i) the full-length protein,
(i) the full-length protein excluding tail residues and

(iiiy  the loop residues both combined and separately for each chain

Native & D30P & D30G
4 ' | ' I ' '

0 5e+05 1e+06 1.5e+06 2e+06
Frame

Figure 10: RMSD plot for the full-length Native ROP (black), D30P (red) and D30G (blue)
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Figure 11: Histogram of RMSD values distribution for all residues of both chains of Native ROP (black),
D30P (red) and D30G (blue), excluding residues 1 to 5 and 56 to 57.

For the following plot, several residues have been excluded. These are the
residues that form the two terminals of the protein (1 to 5 for the N-terminal
and 56 to 57 for the C-terminal). These residues take higher RMSF values
according to figures 4 and 5, and they subsequently affect the mobility of the

whole protein.

Native & D30P & D30G - No Tails
2 4 T % T % T

RMSD

0 L 1 " L L 1 L
0 5e+05 1e+06 1.5e+06 2e+06

Frames

Figure 12: RMSD plot of native ROP (black), D30P (red) and D30G (blue), for all residues of both chains
excluding residues 1 to 5 and 56 to 57.
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Figure 13: Histogram of RMSD values distribution for all residues of both chains of Native ROP (black),
D30P (red) and D30G (blue), excluding residues 1 to 5 and 56 to 57.

Three more plots and histograms were created, for turn A and B (residues 27-
34) combined and for both turns separately.

Native & D30P & D30G - Turns

2 p I i !

RMSD

0 5e+05 1e+06 1.5e+06 2e+06
Frame

Figure 14: RMSD plot of native ROP (black), D30P (red) and D30G (blue), only for residues 27-34 of both
chains.
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Figure 15: Histogram of RMSD values distribution for both turns (A and B) of Native ROP (black), D30P
(red) and D30G (blue).

Residues 27-34 of A chain — A turn

Native & D30G & D30P - A Turn
2 T T T T T T

RMSD

0 L I i 1 i 1 1
0 5e+05 1e+06 1.5e+06 2e+06
Frames

Figure 16: RMSD plot of native ROP (black), D30P (red) and D30G (blue), only for residues of the A turn
(27-34).
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Native & D30P & D30G - A Turn
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RMSD
Figure 17: Histogram of RMSD values distribution for A turn of Native ROP (black), D30P (red) and

D30G (blue).

Residues 27-34 of B chain — B turn

Native & D30G & D30P — B Turn
2 L T X T ¥ T

RMSD

0 5e+05 1e+06 1.5e+06 2e+06
Frames

Figure 18: RMSD plot of native ROP (black), D30P (red) and D30G (blue), only for residues of the B turn
(27-34).
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Figure 19: Histogram of RMSD values distribution for B turn of Native ROP (black), D30P (red) and
D30G (blue).

In order to show with greater detail, any minor difference in their RMSD
values, two additional plots were created for Native and D30G. The first

included residues from A turn and the second these residues forming B turn.

Native & D30G - A Turn
1.5 : . : ; : :
| | ‘ D

.'W””“"H“Mlﬂ! | “‘  ‘ ﬁ‘._n !mwmmmjuwwm

RMSD

0.5

0 5e+05 1e+06 1.5e+06 2e+06
Frames

Figure 20: RMSD plot of Native ROP (orange) and D30G (blue) for residues 27 to 34 from loop A.
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Native & D30G - B Turn
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Figure 21: RMSD plot of Native ROP (orange) and D30G (blue) for residues 27 to 34 from loop B.

According to figures 20 and 21, RMSD values of D30G, are generally lower
than those of Native ROP. Although, there are some values (table 2), for
D30G's A turn marked with red outline, that deviate significantly, and possible

corresponding to frames whose conformation differs from their average.

3.4 Statistical Analysis with R

In order to interpreter the results from the statistical analysis, it's important to

understand the meaning of some main parameters.

The mean value refers to the average RMSD value of all frames of each
structure, while the standard deviation shows the range within these values
are observed and how much they diverge from the mean [27]. These two

parameters are essential for understanding the dynamic of the system. The

32



smaller these values are, the more stable the data (RMSD values), and

consequently, the system, appeared to be.

On the other hand, skeweness indicates the tendency of some values to

deviate asymmetrically from the mean. That means that higher values imply

that some RMSD deviate significantly from the mean and the corresponding

frame have slightly different conformation. This suggests that the system is

less stable.

After the analysis with R, using library sn, the following tables and diagrams

were obtained:

Full-length (excluding tails) — Skewed Distribution

D30G Native D30P
Mean 6.170 A 6.984 A 7.887 A
Standard Deviation 0.09544 A 0.1192 A 0.1327 A
Skewness 0.75949 0.6948 0.5728
Log-likelihood 1976937 1505558 1258896
Tm 80.3°C 68.7°C 58.9°C

Table 3: Mean, standard deviation, skewness (gamma value) and log-likelihood values for D30G, Native ROP and

D30P (full-length excluding tails) —Skewed Distribution.
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Figure 22: Histograms and Q_Q plots for (a) D30G, (b) Native, and (c) D30P created using a skewed distribution model for all

proteins’ residues, excluding the N- & C- terminal residues.
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Loops Residues — Skewed Distribution

D30G Native D30P
Mean 5.064 A 6.302 A 8411 A
Standard Deviation 0.1216 A 0.1517 A 02113 A
Skewness 0.7340 0.7793 0.6286
Log-likelihood 1483214 1055923 339393
Tm 80.3°C 68.7 °C 58.9°C

Table 4: Mean, standard deviation, skeweness (gamma value) and log-likelihood values for D30G, Native ROP
and D30P (loop residues) —Skewed Distribution
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Figure 23:: Histograms and Q_Q plots for (a) D30G, (b) Native, and (c) D30P created using a skewed distribution model

for residues of both loops.
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The second statistical model that was used, was the symmetrical distribution
model. The results derived from this second analysis include, Q_Q plots and
histograms for both the full-length structures and for the turns residues only,

as well as tables containing the mean value, standard deviation and log-

likelihood.

Full-length structure (excluding tails) — Symmetrical Distribution

D30G Native D30P
Mean 6.158 A 6.985 A 7.889 A
Standard Deviation 0.09684 A 0.1191 A 0.1324 A
Log-likelihood 1831509 1417555 1205300
Tm 80.3°C 68.7 °C 58.9°C

Table 5: Mean, standard deviation and log-likelihood values for D30G, Native ROP and D30P (full-length
excluding tails) —-Symmetrical Distribution
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Figure 24: Histograms and Q_Q plots for (a) D30G, (b) Native, and (c) D30P created using a symmetrical distribution model

for all proteins’ residues, excluding the N- & C- terminal residues.
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Loop Residues — Symmetrical Distribution

D30G Native D30P
Mean 5.051 A 6.297 A 8431A
Standard Deviation 0.123 A 0.1523 A 0.209 A
Log-likelihood 1352562 926421 292745
Tm 80.3°C 68.7 °C 58.9°C

Table 6: Mean, standard deviation and log-likelihood values for D30G, Native ROP and D30P (loop residues) —

Symmetrical Distribution
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Figure 25: Histograms and Q_Q plots for (a) D30G, (b) Native, and (c) D30P created using a symmetrical distribution model for

residues of both loops.
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Log-likelihood (LL) is an important statistical parameter used to determine the
most representative statistical model. As the LL value increases, the data fit

better with model being used.

The variation between log-likelihood values from the symmetrical distribution

model to the skewed distribution model, are presented below:

Full-length Log-Likelihood (Symmetrical) Log-Likelihood (Skewed)
(excluding tail)

D30G 1831509 1976937
Native 1417555 1505558
D30P 1205300 1258896

Table 7: Log-likelihood values from the symmetrical to the skewed distribution model, for the full-length
structures.

Loops/Turns Log-Likelihood (Symmetrical) Log-Likelihood (Skewed)
D30G 1352562 1483214
Native 926421 1055923
D30P 292745 339393

Table 8: Log-likelihood values from the symmetrical to the skewed distribution model, for the residues of the
loops.
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The increase in the Log-Likelihood value from symmetrical to skewed
distribution (tables 7 and 8) demonstrates that the skewed model interprets
the data, derived from molecular dynamic simulations, with greater accuracy.
This leads to the conclusion that all of the three proteins, take RMSD values
that tend to deviate from the mean, forming a distribution curve that leans to

one side.

According to the skewed distribution model, both mean and standard
deviation values increase from D30G to D30P (tables 3 and 4). This indicates
that D30P is less stable and its RMSD values spreads across a wider area on
the plot. On the contrary, D30G's mean and standard deviation values are

lower indicating a smaller range. Therefore D30G seems to be more stable.

Skewness (gamma value) also increases from D30G to D30P, meaning that
there are some RMSD values, and consequently some frames, which are
distant from their structure’s average conformation. This suggests that despite
the fact that D30G appears to be more stable, there are some time points
during the simulation when it changes its conformation and the

corresponding frames deviate significantly from the average (higher RMSD).

The only exception in that case, is gamma value for Native ROP loop residues
(table 2), which is slightly higher from the corresponding value of D30G but

it's still lower from D30P’s.
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3.5 Dihedral PCA (dPCA)

Eigenvalues & Eigenvectors

Eigenvectors and eigenvalues are concepts from linear algebra that describe

the direction and the magnitude, respectively, of each principal component

derived from PCA analysis.

In molecular dynamic simulations and protein stability analysis, an eigenvector

represents the direction of the movement of every principal component in

space. The corresponding eigenvalue indicates the size of this movement and

reflects its contribution to the system’s general stability. The first principal

component (PC1) is responsible for the greatest variability on the data and it

also accounts for the biggest impact on the mobility and stability of the

protein [28].

Eigenvalues for the full-length structures present below:

Eigenvalues (excluding tail residues)

D30G Native D30P
(80.3°C) (68.7°C) (58.9°C)
PC1 0.2147460729 0.2221473008 0.6239398122
PC2 0.2141319215 0.2183327079 0.5769296288
PC3 0.1289790869 0.1271845251 0.4446907341

Table 9: Eigenvalues derived from Dihedral PCA for each one of the first three principal components, for D30G,

Native ROP and D30P for full-length proteins excluding residues 1-5 and 56-57 ( (step = 10).
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Tables including eigenvalues for each turn separately are presented below:

Eigenvalues (A Turn):

D30G Native D30P
(80.3°C) (68.7°C) (58.9°C)
PC1 0.1287021637 0.1265375614 0.5635805726
PC2 0.1165211126 0.1021214575 0.4116775393
PC3 0.0878125727 0.0845472142 0.2762321830

Table 10: Eigenvalues derived from Dihedral PCA for each one of the first three principal components, for D30G,
Native ROP and D30P for A turn (step = 1).

(a) D30G (b) Native

PC2 PC2

PC1 PCl

(c) D30P

PC2

PC1

Figure 26: PC1-PC2 plot for A turn’s residues of (a) D30G, (b) Native and (c) D30P.




Eigenvalues (B Turn):

D30G Native D30P
(80.3°C) (68.7°C) (58.9°C)
PC1 0.1253450662 0.1233271882 0.5808151364
PC2 0.1150820628 0.1109051555 0.4396424890
PC3 0.0876375511 0.0841571540 0.2766299248

Table 11: Eigenvalues derived from Dihedral PCA for each one of the first three principal components, for D30G,
Native ROP and D30P for B turn (step = 1).

(a) D30G

PC2

(c) D30P

(b) Native

PC2

PC2

PC1

Figure 27: PC1-PC2 plot for B turn’s residues of (a) D30G, (b) Native and (c) D30P.
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According to tables 10 and 11, the eigenvalues for PC1, PC2 and PC3 of D30P
are consistently higher, which confirms its increased mobility. On the other
hand, minor differences can be observed between D30G's and Native ROP’s
eigenvalues. The value for the first principal component (PC1) of D30G equals
0.1287021637, and it's slightly higher than the respective eigenvalue of Native
ROP which is 0.1265375614. The eigenvalues for PC2 and PC3 follow the same
pattern for both A and B turn residues (table 10 and 11), suggesting a greater

flexibility of D30G's loop, considering only dihedral angles.

However, when dPCA performed on the full-length proteins excluding tails
residues (table 9), a different conclusion emerged. The PC1 eigenvalue for
D30P (0.6239398122) remains higher from those of the other two variants. But
in this case, the PC1 eigenvalue of Native ROP (0.2221473008) is higher than
the respective value of D30G (0.2147460729). The same results apply for PC2
eigenvalues. Thus, although D30G shows higher internal mobility, it appears

generally more stable.

Regarding the PC1-PC2 plots (figures 26 and 27) turns A and B of Native ROP
and D30G appear to be more stable during the simulation. The differences
between these two variants can be barely observed in the plots. Additionally,
the plots confirm that both structures are very stable. On the other hand,
D30P again proves that it's less stable, as its plot reveals that multiple distinct

conformations exist.

In order to compare the main conformation of the loop region of each variant,
the representative structures of the first clusters (both loop A and B) were
visualized, as well as their aligned versions, where each turn was

superimposed with the corresponding turns from the other two variants.
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D30G

Figure 28: Representative structure of the first cluster generated by Pymol, from data obtained through dPCA analysis, for (a)
turn A and (b) turn B (residues 27-34) of D30G.

Native

(@) (b)

Figure 29: Representative structure of the first cluster generated by Pymol, from data obtained through dPCA analysis, for (a)
turn A and (b) turn B (residues 27-34) of Native ROP.

D30P

30-P (b)

Figure 30: Representative structure of the first cluster generated by Pymol, from data obtained through dPCA analysis, for (a)
turn A and (b) turn B (residues 27-34) of D30P.
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Figure 31: Structures of A-turn (residues 27 to 34)
from the first cluster of D30P (green) and D30G
(blue), generated using Pymol. Residues 27 and 34
were aligned and additionally residue 30 is shown
using the one letter code.

Figure 32: Structures of A-turn (residues 27 to 34)
from the first cluster of Native ROP (green) and
D30G (blue), generated using Pymol. Residues 27
and 34 were aligned and additionally residue 30
is shown using the one letter code.

Figure 33: Structures of A-turn (residues 27 to 34)
from the first cluster of Native ROP (green) and
D30P (blue), generated using Pymol. Residues 27
and 34 were aligned and additionally residue 30 is
shown using the one letter code.

From figures 28 to 33, it seems that D30P adopts a noticeably different and a
more “open” conformation at loop’s region. This may be explained by the
presence of proline at position 30. On the other hand, D30G and Native ROP
adopt similar and more compact conformations considering the loop region.
This observation is also supported by the visualization of the loop region as
well as from the extremely higher RMSF and RMSD values and their

eigenvalues.

48



3.6 Cartesian PCA (cPCA)

In order to detect any minor movement/interaction between each turn and

the opposing residues from the a-helices, two cPCA analyses were performed.

More specifically residues 27-34 were used for each turn and residues 6 to 13

and 48 to 55 for the opposing a-helix.

The tables below contain the eigenvalues for the first five principal

components of each variant and the number frames of each cluster.

Additionally, the PC1-PC2 and PC2-PC3 plots were also obtained.

Turn (A Chain) + a-helix (B Chain)

Eigenvalues
D30G NATIVE D30P
PC1 5.9572129250 6.6352500916 6.3596129417
PC2 0.9737140536 0.9198949933 1.7323147058
PC3 0.5975292921 0.6345487833 0.9223011732
PC4 0.4683012068 0.4514805079 0.7208867669
PC5 0.3745175004 0.3854705691 0.4575453103

Table 12: Eigenvalues derived from Cartesian PCA for each one of the first 5 principal components of D30G, Native
and D30P, for residues 27-34 of A loops and residues 6-13 and 48-55 of the a — helix of B chain (step = 1).
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(a) D30G (b) Native

PC2
PC1 (C) D30P PC1
PC2
PC1
Figure 34: PC1-PC2 plots for residues 27-34 from the A turns and residues 6-13 and 48-55 from a-helix of B chain
of (a) D30G, (b) Native and (c) D30P.
(a) D30G (b) Native
PC3

PC3

PC2 (c) D30P PC2

PC3

PC2

Figure 35: PC2-PC3 plots for residues 27-34 from the A turns and residues 6-13 and 48-55 from a-helix of B chain

of (a) D30G, (b) Native and (c) D30P.
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Frames per Cluster

D30G NATIVE D30P
Cluster 1 137154 489130 870222
Cluster 2 1473 54 87117
Cluster 3 49

Table 13: Number of frames per cluster derived from cPCA analysis

Then, using PyMOL, an alignment of all residues of the a-helix was performed:

(a) D30G (b) Native

(c) D30P

&
Figure 36: Representative structure of all clusters of (a)
D30G, (b) Native ROP and (c) D30P, derived from PyMOL,
after the alignment of residues 6-13 and 48-55 of the A-
helices from chain B.

From figure 36, it becomes evident that D30P adopts two distinct
conformations and consequently its loop interacts more extensively with the

opposing a-helices compared to the other two variants.

The same calculations were performed for residues 27-34 of chain B and

residues 6 to 13 and 48 to 55 of chain A for each protein
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Turn (B Chain) + a-helix (A Chain)

Eigenvalues

D30G NATIVE D30P
PC1 11.3222541809 11.4305343628 12.9947099686
PC2 0.9237968326 1.0249109268 1.8343153000
PC3 0.6409819126 0.6646002531 0.9235197306
PC4 0.4621220231 0.4745688438 0.7192844748
PC5 0.3547840416 0.4421654642 0.4706155062

Table 14: Eigenvalues derived from Cartesian PCA for each one of the first 5 principal components of D30G,
Native and D30P, for residues 27-34 of B loops and residues 6-13 and 48-55 of the a—helix of chain A (step = 1).

(a) D30G (b) Native

PC1 PC1

PC2 (c) D30P PC2

PC1

PC2

Figure 37: PC1-PC2 plots for residues 27-34 from the B turns and residues 6-13 and 48-55 from a-helix of A chain for (a) D30G,
(b) Native and (c) D30P.
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(a) D30G (b) Native

PC3
PC3

PC2 (c) D30P PC2

PC3

PC2

Figure 38: PC2-PC3 plots for residues 27-34 from the B turns and residues 6-13 and 48-55 from a-helix of A chain for (a) D30G,
(b) Native and (c) D30P.

Frames per Cluster

D30G NATIVE D30P
Cluster 1 243464 150316 827837
Cluster 2 127 92 158583
Cluster 3 182
Cluster 4 88
Cluster 5 50
Cluster 6 43

Table 15: Number of frames per cluster derived from cPCA analysis

From the number of frames per cluster (tables 13 and 15), it is observed that
the majority of frames for D30P (870222 and 827837, respectively), are

concentrated in the first cluster in contrast to the other two variant. This may
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be explained, by the fact that D30P tends to remain longer in a single
conformation and whereas D30G does not. However, this does not necessarily
indicate that this conformation is the most stable or that it corresponds to the

lowest energy state.

On the other hand, D30G shows the lowest number of frames in the first
cluster (table 13). However, Native ROP has 150316 frames in the first cluster
(table 15), which is lower than both D30G and D30P.

(a) D30G

(b) Native \

(c) D30P

Figure 39: Representative structures of every cluster
of A turn of (a) D30G, (b) Native ROP — Only the first 3
clusters - and (c) D30P, derived from PyMOL, after the
alignment of residues 6-13 and 48-55 of A-helices
from chain A.

Cartesian PCA analysis also revealed that the eigenvalues for PC1, PC2 and
PC3 increase progressively from D30G to D30P (tables 12 and 14) although
the differences remain relatively small. D30P’s eigenvalues are significantly
higher, confirming its overall increased structural mobility. In general, D30G
displays lower eigenvalues than Native ROP. However, in some specific cases

(PC2 and PC4, table 12), slightly higher eigenvalues are observed for D30G.
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According to the PC1-PC2 and PC2-PC3 plots (figures 34, 35, 37 and 38), D30P
seems to adopt more than one distinct conformation, while the two other

variants occupy a more confined region in the plot, indicating greater stability.

Furthermore, structural analysis (figure 39) reveals an increased mobility of
D30P’s loop towards the opposing a-helices. In contrast, D30G and Native
ROP adopt a more stable conformation, and their differences are barely

distinguishable in the aligned structures from PyMOL.

3.7 PDB Structures

The final step in evaluating the stability of the loops was their visualization.
Twenty frames of each variant generated using grcarma (step=100.00). Then
these structures were aligned to the residues forming the a-helices, excluding
the loop residues (27-34) in order to identify any significant movement in the

turn region.

(a) D30G (b) Native (c) D30P

Figure 40: PDB structures of (a) D30G, (b) Native ROP and (c) D30P, derived from PyMOL, after the alignment of all
residues excluding residues 27 to 34. In the front, chain B is visible, while loop residues are highlighted in orange.
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From figures 40 and 41, D30P’s loop appears less stable particularly at residue
28 and 32 (red outlines), which is supported by their corresponding RMSF
value (figure 7). The differences between D30G and Native ROP are once

again less visible.

(a) D30G (b) Native (c) D30P

Figure 41: PDB structures of (a) D30G, (b) Native ROP and (c) D30P, derived from PyMOL, after the alignment of
all the residues, excluding residues 27 to 34. Loop residues are highlighted in orange.
Although the differences between D30G and Native ROP are minimal, figure
41 reveals an increased mobility in the loop region of D30G (purple outline).
This incompatibility observed compared to the previous results, can be
attributed to several factors. Firstly, loops are normally regions with higher
flexibility compared to a-helices. Additionally, mutations at position 30, may
affect the local mobility without nessecery altering the overall structural
stability. Moreover, the full alignment of the a-helices may result in the
observed motion being localized exclusively to the loop region. Lastly, the
frames that were obtained were twenty randomly selected dynamic states,
which do not necessarily represent the average or the representative state of

each structure.
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4. Conclusions — Discussion

This study focuses on the analysis of the stability of three variants of ROP
protein — D30G, Native ROP and D30P -. The main purpose was to identify
whether there is any correlation between their general structural stability and
their thermal stability (Tm). Theoretically, it was expected that while the Tm

value increases, the general stability of the protein would also increase.

The results derived from their RMSF values and plots, the histograms of RMSD
value distributions and the statistical analysis with R, reveal that there is a
correlation between their thermal and their overall stability. The same results
can be extracted from the cPCA analysis, where the decrease in their Tm
corresponds to increased mobility and interaction between the loop-turn
region and the opposing residues from the a-helices. Eigenvalues for most of
the principal components of D30P are higher than the respective values of

Native ROP, and those of Native ROP are higher than D30G's.

However, dPCA analysis indicates that, when considering only the residues
forming each loop separately, there are some differences compared to the
previous results. Although D30G’s RMSD and RMSF values are generally lower
(which indicates an increased overall stability), its dPCA eigenvalues are higher
indicating increased mobility of the loop. On the other hand, Native ROP’s
dPCA eigenvalues are lower, which suggests that its loop region is more
stable. These subtle differences in loop dynamics do not necessarily imply that
Native ROP is in general less stable than D30G, but they may be attributed to

the methodological differences between cPCA and dPCA.
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Although dPCA suggests a slightly higher internal mobility in D30G's loop
region compared to Native ROP, cPCA indicates that Native ROP exhibits
higher rigid body mobility. This is because cPCA takes into account the
Cartesian coordinates of every atom in the system, capturing the magnitude
of the collective movement of the structure. This means that Native ROP
undergoes larger-scale rigid body motion, which can only be observed
through Cartesian PCA. On the other hand, D30G shows higher flexibility in
terms of phi and psi torsional angles of turn’s residues, but this increased
internal mobility is not reflected in its general stability. D30G appears overall
more stable due to reduced amplitude of collective rigid body movements

(lower cPCA eigenvalues).

In the case of D30P, this clear difference in its stability, compared to the other
two variants, may be caused by the presence of proline. Proline is a bulky
amino acid whose side chain is bonded to the backbone, resulting in limited
torsional movement [29]. That likely affects the dynamic behavior of the loop

and consequently affects the overall stability of the protein.

The general conclusion that arises from all these analyses is that, the presence
of a different amino acid at position 30 within the loop/turn — such as glycine
in D30G or proline in D30P - affects both loop dynamics and the stability of
the full-length structure. Consequently, the observed differences in Tm are
associated with their thermal stability (Tm). These results provide an initial
indication of the link between thermal and general stability, though further

studies should be conducted.
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