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Abstract

Molecular Dynamics simulations are a powerful tool when trying to determine
the structure of a protein/peptide structure. Many different methods have been
introduced for the analysis of the results deriving from Molecular Dynamics
simulations, each one based on different principles, with different computational
costs. The proposed method that is being presented in this report is based on the
“Good-Turing” method created by Koukos and Glykos, but is significantly
cheaper computationally. The different methods and tests with which we
experimented, as well as the exact details of the “final” method and the quality
of its results are presented thoroughly in this report.

Keywords:

— “Good-Turing” method
— convergence

— computational cost



[TepiAnyn

Ol TPOGOUOIDOELS TPOYLOKMY HOPLOKNEG OLVOLUKNG Elval éva 1oyvpod epyareio
Yy Tov KaBopiopd g Ooung pog mpoteivng/ooung evog memtidiov. TToAlég
drapopeTikég pnEBodot £xovv cuotabel Yoo TV avdAVon TOV OTOTEAEGUATMOV TOV
TPOEPYOVTOL OO TPOGOUOLDGELS TPOYLOUKDY HOPLIKAOV OLVOLUK®OV, 1 KaOe o
Baciopévn o€ S0POPETIKEG apyEC, LE OOPOPETIKO VTOAOYIOTIKO kOoToC. H
TPOTEVOUEVT UEBODOG, 1 ool TapovctdleTol og aVT TNV avapopd BacileTon
omv pnéBodo “Good-Turing” twv Kovkog kot 'Avkog, addd etvor onpovtikd o
eOnvy vmoloylotikd. Ot OQOPETIKEG HEDOOOL KO TECT HE TO OMOiN
TEPOOTIoTNKALE, KOOMOG Kal ot akpiPeic Aemtouépeleg ™ “teMKng” pebBodov
KOl 1] TOWOTNTO TOV ATOTEAEGUATOV TNG TOPOVGLALOVTOL OVOAVTIKG GE QLT TNV
avapopad.

Aé€eic-Khe1dnd:

— uébodog “Good-Turing”
— oVyKAMoT| (convergence)
— VTOAOYIGTIKO KOGTOG



1.Introduction

1.1 Molecular Dynamics Simulations

The experimental structure determination methods (X-ray crystallography,
cryo-EM, NMR) provide excellent information on a specific structure of a
protein (like taking a still of a movie scene), but, just like every molecule,
proteins are dynamic and their structure changes depending on the environment
they are surrounded by. MD (molecular dynamics) simulations are based on the
physics pertaining to the interatomic interactions and that is why they are a very
powerful tool when it comes to the study of proteins. With MD simulations it is
feasible to predict how a protein behaves in different solutions, with or without
the presence of various ligands and other molecules that interact with a protein’s
surface and how a protein folds and/or unfolds. That, of course, does not mean
that the experimental structure determination methods are not useful. Data from
experimental structure determination methods are being used for the MD
simulations and the quality of these data plays a crucial role in the overall
quality of the MD simulation’s results. Also, results of MD simulations can lead
to new experiments with experimental structure determination methods in order
to further investigate a structure that was first depicted in a MD simulation!).
One important parameter that affects the quality and the accuracy of the MD
simulations’ results is the simulation time (i.e. for how many ps, ps or ns the
MD simulations run). As one can very easily deduce, the longer the simulation
time, the better, since even rare conformations will appear and will be taken into
consideration as they should. The issue with the increase of simulation time is
the fact that it is extremely expensive computationally. Since there is no
absolute and collective rule when it comes to the simulation time, how can one
know if all important molecular configurations have been observed? And even
if there is a reliable method for determining convergence, is there a way it can
also be computationally cheap? Based on the work by Koukos & Glykos!?,
there has been an attempt to answer these questions.

1.2 The classic “Good-Turing” method

What Koukos & Glykos proposed 1s a “probabilistic measure of
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convergence”?!, Their program analyses trajectories of proteins and/or peptide



structures using RMSD matrices to measure distance between the different
conformations. The sample is analysed so the maximal RMSD (meaning the
RMSD value that corresponds with the biggest conformational difference
observed in the sample at hand) is determined for different sampling factors.
Through weighted nonlinear least-squares fitting, the optimal sampling factor is
calculated and its submatrices are used for the further evaluation of the sample,
which consists of a hierarchical clustering method and the Good-Turing
statistics!'!l, Thanks to the dendrogram, clusters of the observed formulations are
being produced easily and with the application of the Good-Turing formalism
the probability of unobserved conformations for different RMSD values is
calculated”, ultimately resulting in the desired probability of unobserved
species (Puuobserved) VS RMSD distribution. The referred “submatrices” are the
submatrices that occur based on the sampling factor that has been determined as
the optimal one. At this point, it should be highlighted that if the program
cannot produce an optimal sampling factor, the sample is considered insufficient
and the analysis stops there. One great feature of this method is the fact that not
only does it answer whether convergence has been achieved™ or not, but it also
calculates how different the conformations that will be observed be from those
already observed, if someone were to double the simulation time. That way, one
can decide whether it is worth the computational cost to double the simulation
time or if the quality of the results is good. Simulation time is not the only
parameter to ensure sufficient sampling; using statistically independent
observations is critical for good sampling quality and for an overall good set of
datal!. In every trajectory used for a MD simulation, some conformations are
correlated with each other and thus should not be analysed as separate
formulations. One way of dealing with the issue is by grouping the correlated
conformations together, that way ending up with a number of independent
groups which can be properly analysed. In the program that Koukos & Glykos!!
made, it is possible for the user to decide the step (stride) between
frames—which naturally affects the matrix size—and with the sub-sampling factor
that the program “determines” itself, a specific—or put a little differently—an
actual step (stride) is being set to read the RMSD matrix depending on the step
(stride) that the user opts. But, as robust as the Good-Turing program is, it is
also quite expensive computationally. Research has been conducted so an
alternative method can be introduced that still delivers trustworthy results and is
also computationally cheaper than the classic “Good-Turing” method. Of



course, it is crucial to point out that any computationally cheaper method,
although satisfactory, will always require a sacrifice in accuracy.

1.3 The “max of mins” method

In an attempt to find the method that would satisfy the requirements stated
above, the “max of mins” method was first proposed. For the “max of mins”
method, the same program—grcarma—is used, but in this case, out of every line
of the RMSD submatrices constructed (based on the optimal sampling factor)
only the maximum RMSD value observed is a branch of its own in the
dendrogram that will follow. That way, the computational cost can be
significantly reduced, but there is a sacrifice in accuracy. How big is that
sacrifice? The first step to test the potential of the method, that has just been
proposed above, is to use the already existing Good-Turing program with the
parameters set in such a way that two different sets of data occur from each run;
one set of data would derive from the classic “Good-Turing” method and the
other would derive from the “max of mins” method. The comparison of the two
datasets (two datasets from each run), for the different matrix sizes of the same
protein tested each time, provided information regarding the “max of mins”
method, as well as the accuracy of the classic “Good-Turing” method. The
purpose all these “different matrix sizes of the same protein tested each time”
serve, is that they provide information regarding the accuracy and the agreement
of the results between different sized datasets for both methods and they also
serve as an indication of the ideal step (stride) between frames (and
consequently matrix size), so the final results are satisfactory and the
computational cost is as low as possible. The sampling and the results obtained
from both of those methods are discussed further in the sections below.

1.4 The “independent” method

At this point, it is important to highlight that, as it has been stated, the results
obtained from the “max of mins” method are not independent from the classic
“Good-Turing” method. So, the “max of mins” method can work very well as
an indicator of the potential of the “max of mins” logic, as a computationally
cheaper but still reliable method, but the “max of mins” method itself is not
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computationally cheaper. An actually computationally cheaper method based on
the “max of mins” logic and at the same time independent of the classic
“Good-Turing” method, is a method that for the purposes of this report will be
called the “independent” method from now on. The “independent” method is a
program written by Glykos in the command line (of a Unix cell) and the results
obtained are being produced thanks to the carma program. The most important
parameters that are responsible for the quality and the nature of the results
deriving from this method (the “independent” method) are the step (stride)
between frames selected by the user and the use of the maximum RMSD value
observed out of every line of the matrix as a branch of its own, in the
dendrogram that follows in order to reduce the computational cost. It is also
crucial to note that the first structure opted as the reference structure is being
automatically changed due to the step (stride) set by the user via the “$i”
variable of the code.

1.5 The “Jude” method

After the results of the “independent” method, for different proteins, run with
various steps (strides) between frames, enough data had occurred so a more
complete, refined and detailed method was implemented, the “Jude” method.
The “Jude” method is a program written in perl and just like the “independent”
method’s code, it was written by Glykos. The results of the “Jude” method were
analysed and the datasets regarding the probability of unobserved conformations
for different RMSD values (P pserves VS RMSD distribution) were compared
with the results that derived from the respective datasets produced with the
classic “Good-Turing” method. In contrast to the rest of the methods that were
tested for the purposes of this research, the “Jude” method has an extra
parameter, the a; parameter, which works as an indication of convergence. The
a; parameter is one of the parameters of the equation used to perform the
weighted nonlinear least-squares fitting of the data. After the fitting of the data
has been completed, what follows is the segmentation of the line, which
happens in order to indicate where the plateau is. The largest line out of the rest
ideally indicates the plateau and as long as this is true, the actual step (stride)
between frames is determined and then the rest of the program’s procedure is
practically the same with the one in the “max of mins” method.

11



2. Methods

2.1 The classic “Good-Turing” method and the “max of mins” method

With the grcarmal*! program, runs for different proteins at different matrix sizes
each time were executed and two sets of data were produced, one for the classic
“Good-Turing” method and another for the “max of mins” method. The matrix
size varied from a range of approximately 10000 x 10000 up to 30000 x 30000
and the results that occurred from these runs consisted of data files for the
classic “Good-Turing” method, as well as for the “max of mins” method. From
these grcarma runs, the evaluation of two different parameters was possible; the
quality of the results in the different matrix sizes—as it has been mentioned
before, the size is determined based on the step (stride) between frames that the
user sets—and the quality of the results produced in the two methods (classic
“Good-Turing” and “max of mins” method). It is important to evaluate whether
the different matrix sizes affect the quality of the results in any way that matters,
because the classic “Good-Turing” method works as a reference point whilst
trying to find this sought out computationally cheaper, but also robust method.
With the optimal sampling factor already determined (thanks to the run of the
classic “Good-Turing” method) the “max of mins” method utilizes the
respective submatrices but only the maximum RMSD value of each is being
considered when constructing the dendrogram and implementing the
Good-Turing formalism. The analysis of these maximum RMSD values, with
the Good-Turing formalism, produces the desired P, pservea VS RMSD
distribution (i.e. the probability of unobserved conformations for different
RMSD values).

2.2 The “independent” method

The first actually computationally cheaper method tested was the “independent”
method. The “independent” method is based on the “max of mins” logic,
meaning that out of every submatrice only the maximum RMSD value of each
is used for the further analysis of the sample with the carma®! program (and
subsequently the Good-Turing formalism). The essential difference between the
“max of mins” method and the “independent” method is that in the latter, the

12



optimal sampling factor is not known beforehand and there is no sure way of
knowing that the sampling factor used for the analysis is the optimal one, since
no analysis is being conducted to determine it. The only parameter that
determines which sampling factor (remember not necessarily the optimal
sampling factor) is going to be used for the analysis of the trajectory, is the step
(stride) between frames set by the user. In order to test this method different
steps (strides) between frames were selected which ranged from 10000 to
300000. The “independent” method was written in such a way that it is meant to
be executed in the linux command line and the user can adjust the code directly.

for i in (seq 1 500 49000)
carma -v -fit -cross -mm -first $1 -step 50000
file name.dcd file name.psf
sort -n carma.RMSD.mins | awk -v noflines=(wc -1 <
carma.RMSD.mins) ‘{print $1,1.8-(NR/noflines)}' >>
out.dat
end ; rm carma.RMSD.mins density.log.matrix
density.matrix

The step (stride) between frames chosen not only reduces the computational
cost, as the whole trajectory will not be analyzed, but it also prevents correlated
conformations from being analyzed as independent ones. As it has been stated
above in this section, the “independent” method is based on the “max of mins”
method, so the carma program is being used for the clustering of the maximum
RMSD values of the submatrices the same way it occured in the “max of mins”
method and then the Good-Turing formulation is being utilized for the final
analysis of the sample, which produces the desired P gpservea VS RMSD
distribution (i.e. the probability of unobserved conformations for different
RMSD values). The datasets produced by the “independent” method were
compared with the ones from the classic “Good-Turing” method, in order to
evaluate the performance of the former.

13



2.3 The “Jude” method

Based on the results deriving from the “max of mins” and the “independent”
method—which are being discussed in the corresponding sections—, the “Jude”
method has a fixed step (stride) between frames, so immediately the
computational value decreases significantly, since the maxRMSD vs sampling
factor distribution is not being calculated. Consequently, with the sampling
factor fixed, what follows is the analysis of the submatrices in order to find the
maximal RMSD for each superdiagonal and the construction of the maximum
RMSD vs superdiagonals distribution. Then, the fitting of the data from the
maximum RMSD vs superdiagonals distribution is being executed with the help
of a weighted nonlinear least-squares equation, which is based on the weighted
nonlinear least-squares equation used in the classic “Good-Turing” method,
but for this method, it has been modified in such a way by Glykos, that an extra
parameter is being calculated in this method, called a;. The a; parameter works
as an indicator of convergence, meaning that it indicates whether the simulation
time is good, or if it needs to be longer. More specifically, the simulation time is
good if the value of the a; parameter is greater than 0.98 (>0.98). So long as the
value of the a; parameter is greater than 0.98, the analysis continues smoothly,
where the line of the maximum RMSD vs superdiagonals distribution is
segmented in a number of lines. The largest segment that occurs in the
distribution, represents the plateau. It is possible that the largest segment’s ends
of the distribution indicate both the beginning and the end of the plateau, but if
at least one of the ends indicates the beginning or the end of the plateau,
depending on the slope of said segment, the method is satisfactory and works
just as it is intended to. With either of the plateau’s limits determined, it is
possible to calculate the actual step (stride) between frames that needs to be set
for the following analysis of the sample. This actual step (stride) between
frames is determined by the following formula: the segment’s end’s value which
equates to the plateau x 800 (the initial step set by the program for the analysis
of the data thus far). The final results of this method that answer the same
question that the classic “Good-Turing”, the “max of mins” and the
“independent” method all did—i.e. the probability that a conformation important
for the analysis in hand has not yet been observed— are produced thanks to the
analysis of the sample— with the “max of mins” logic (the way it works has been
discussed above), only now the actual step (stride) between frames is not
determined through a maximum RMSD vs sampling factor distribution which

14



was significantly computationally expensive (classic “Good-Turing” method,
“max of mins” method), nor through random trials that were unreliable
(“indepented” method). The results produced by the “Jude” method have been
compared with the results deriving from the classic “Good-Turing” and the
conclusions pertaining the method’s efficacy are discussed below in the
respective sections.

a3<0.98 | simulation time needs | convergence has not been reached and/or
to be longer is questionable

a3=0.98 | simulation time 1is | convergence has been reached
adequate

a3>0.98 | simulation is  time | convergence has been reached
adequate

Table 1. The a3 parameter as an indication of convergence.

The final results of the “Jude” method that include a P, pervea VS RMSD
distribution (probability of unobserved conformations for different RMSD
values), are produced thanks to a final analysis of the sample with the “max of
mins” logic, where the actual step, determined by the previous analyses that
took place (in this method), is used as the step that will be used for that part of
the analysis. So, the starting step (stride) between frames might be “fixed” at
800 and the superdiagonals at 150, but the actual step (stride) between frames
used for the production of the final results is not the exact same for each peptide
structure. The program written for the “Jude” method can be found in the github

repository at https://github.com/glykos/GoodTuring.
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2.4 The nature of the “Jude” method’s samples

A brief overview for the peptide structures presented follows in order to further

explain the results:

e cIn-ILDN (PDB: 2RVD) is a stable, linear, 10-peptide protein®3,
cln-ILDN 1s also a synthetic construct, and the purpose for its
construction was to be the most stable peptide known, whose structure
would be determined by experimental methods.

e A31P (PDB:1B6Q, 1GMG)****! is a mutated version of the native
protein Rop (Repressor of primer), where Ala31 has been replaced by a
Pro residue. Rop is found in Escherichia Coli, and it is a 63-amino acid
protein. Both Rop and A31P are usually found bound together with
another monomer of the same protein (Rop and A31P respectively), but
in contrast to Rop, A31P is not stable. Data from structure determination
methods show that A31P does not reach convergence and is almost
constantly unfolded. The Ala31 to Pro mutation leads to a right-handed,
mixed parallel and antiparallel bundle, displaying a “bisecting U”
topology, whereas the native Rop is a left-handed, all-antiparallel
4-a-helical bundle. At this point, it is also important to mention that
although stable, the Rop protein folds slowly, which is part of the reason
why it was initially difficult to determine whether the A31P mutant folds
slowly as well, forming a similar structure to the Rop one, or if it is
mostly unorganized and unfolded. The latter turned out to be true.

e 2n0x (PDB:2N0X) is a structurally flexible, 16-amino acid fragment of
serum albumin 2n0x, generated when found in acidic environments of the
organism (humans/homo sapiens) and works as an inhibitor of CXCR4,
The 2n0x protein is not considered a stable peptide structure and it takes a
significant amount of time for it to reach convergence.

e O6NM2®1 (PDB:6NM2) is a small (9-residue) synthetic, antimicrobial
protein. A two-turn helix and a Trp triplet (WWW) that forms a =
configuration are the most noteworthy parts of the peptide. The
hydrophobic parts of the Trp triplet (WWW) are the ones found
permeating the membranes and the aromatic-aromatic, as well as, the
aromatic-aliphatic interactions in the triplet, play an important role in its
stability. Overall, the amphipathic 6NM?2 peptide can be considered stable
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and its antimicrobial activity especially against Staphylococcus aureus is
mostly thanks to the aforementioned Trp triplet (WWW).

NAT peptide structures: Enzyme structures that possess a NAT
(N-terminal  acetyltranferases) = terminal = have  been  tested
(Nat-STAR-notails, Nat-STAR, NatA31P)P%. The NAT structure gives
the N-terminal a neutral charge, a hydrogen bond acceptor, it affects the
a-amino nitrogen nucleophilicity and basicity and is also responsible for
an increase in size and hydrophobic nature. Every NAT terminal has a
peptide binding site and the hydrogen bonds observed in the first 2-3
N-terminal residues offer more stability to the structure.

pdb2mqg2 (PDB: 2MQ2) is an antimicrobial protein who targets the
membranes of both Gram-negative and Gram-positive bacterial?’>°l.
2MQ2 or also known as CDP-1 (Cysteine Deleted Protegrin-1) is a
mutated version of Protegrin-1 (PG-1), where the cysteines 6, 8, 13, 15 of
PG-1 are deleted and consequently the disulfide bonds between them
(Cys6-Cysl5 & Cys8-Cysl3), which provided stability to the rigid
B-hairpin like structure. The deletion of Cysteines did not eliminate the
antimicrobial activity, because although the deletion caused
conformational changes, the B-hairpin like structure can still be observed.
Of course, the B-hairpin-like structure of the PG-1 is not identical to the
one found in CDP-1; in CDP-1 there is a chain reversal in the B-hairpin
structure, some sidechains look as if they are outwards of the B-hairpin
structure and interactions that are most likely hydrogen bonds exist/are
formed.

NFGAILS (PDB:5E5V) is part of the Islet Amyloid Polypeptide (IAPP)
and more specifically it is the segment of the protein that consists of
residues 20-29 and is in the amyloidogenic C-terminal region®="), In this
region the peptide structure consists of anti-parallel B-stands arranged
into parallel B-sheets, which form a class 7 out-of -register steric zipper.
The hydrogen bonds in this zipper are responsible for the strong and weak
interface observed, which does not offer much stability in this area.
SarsTM (PDB:7K3G) is the transmembrane (TM) domain of
Sars-CoV-2’s envelope protein E. Protein E forms a homopentameric
cation channel®'“%*] In particular, the three Phe (Phe20, Phe23 and
Phe26), the Vall7 and the Leu31 residues of the structure’s center are
responsible for the stability and hydrophobic nature of the structure, but
overall the E protein cannot be considered as a particularly stable protein.
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The a-helical core in the TM domain, alongside with the hydrophobic
residues mentioned above of this 30-residue TM domain, are the key
elements that make it a fast, stable helix forming domain.

InflA (PDB: 4QK7, 2H95, 2L0J) is a transmembrane peptide of the
Influenza A virusP?. This structure is very flexible with its TM domain
being the most flexible area of it (residues 22-46). Both the N-terminal
and the C-terminal are highly flexible and the homotetrameric proton
channel pores form an a- helix, which again is very flexible, meaning that
many different a-helical conformations are observed when running MD
simulations. The only reason why the C-terminal and the N-terminal have
a slightly different flexibility is because of a Gly residue that disrupts the
a-helix. The viroporin described, is an interesting peptide structure, since
it allows for the attack of the host through assistance in the unpacking of
the viral genome.

5¢glh (PDB: 5GLH) or else known as Endothelin-1 (ET-1) is an
endogenous agonist and binds to the ET, and ETjy receptors, which
belong in class A G-protein-coupled receptors (GPCRs) family®4”, The
protein consists of hydrophobic amino acids (Ile, Trp) and polar amino
acids (Asn, Gln, Asp) which reinforce the protein’s strong binding to its
receptor (ETg) through the hydrophobic interactions and the
hydrogen-bonds that occur. The electrostatic interaction network at the
C-terminal, is what makes the protein unstable when “free”, but further
stabilises the complex (ligand and receptor). Another very important
feature of the C-terminal is the CWXP motif, which plays a crucial role in
the protein’s ability to work as a ligand (without the Trp21 amino acid the
protein cannot work as a ligand). All in all, the protein is not extremely
stable (the N-terminal and the a-helical region of ET-1 are the regions
that can be characterized as stable) and the amino acids that contribute to
its flexibility are essential for its proper function (the C-terminal region is
the particularly flexible region).
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3. Results

3.1 The classic “Good-Turing” method and the “max of mins” method

For the “max of mins” and the “independent” method a plethora of different
proteins (as samples) was not necessary, in order to evaluate the efficiency of
the methods, since the “max of mins” method was not actually computationally
cheaper and the “independent” method’s results were such, that indicated the
need for another method. Therefore, trajectories for two different peptide
structures, one significantly stable (cIn025) and one significantly flexible
(2n0x), were sampled for these two methods. Another thing that should be
highlighted once more, is the fact that when the “max of mins” method was
tested, the classic “Good-Turing” method was tested as well, in terms of the
different matrix sizes and the quality of the results depending on them. For both
the ¢In025%! and the 2n0x peptide structures, different steps (strides) between
frames were opted, which resulted in different sized matrices and different
optimal (sub-sampling) factors.
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cln025:

The strides (steps) between frames that have been opted and the corresponding

matrix sizes are the following:

Stride (step) between frames Matrix size

610 10345x10345 matrix
435 14507x14507 matrix
420 15025x15025 matrix
320 19720x19720 matrix
310 20356x20356 matrix
250 25241x25241 matrix
210 30050x30050 matrix

Table 2. Step (stride) between frames & matrix size of the samples for the

cln025 peptide structure.
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The optimal (sub-sampling) factors of the samples do not consistently decrease

as the matrix size gets smaller as it is evident in Table 3.:

Sub-sampling factor of: Matrix size

10 10345x10345 matrix
15 14507x14507 matrix
13 15025x15025 matrix
19 19720x19720 matrix
17 20356x20356 matrix
18 25241x25241 matrix
24 30050x30050 matrix

Table 3. Optimal (sub-sampling) factor & matrix size of the samples for the
cln025 peptide structure.

The distributions that occurred out of the datasets obtained from the different

runs illustrate how robust the “max of mins” method is and how reliable smaller

matrices are.
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When it comes to the data deriving from the “max of mins” method for the

cln025 peptide structure the distributions are the following:
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Fig.1 Comparison between the results obtained using a 10345x10345 matrix

(black line) and a 30050x30050 matrix (red line) for the cln025 peptide

structure.

The lines are very close with each other and in some areas of the graph they

overlap.
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Fig.2 Comparison between the results obtained using a 15025x15025 matrix
(black line) and a 30050x30050 matrix (red line) for the cln025 peptide

structure.

The lines overlap almost perfectly. It should also be noted, that the lines of Fig.1

are remarkably close but the lines in Fig.2 overlap better.
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Fig.3 Comparison between the results obtained using a 15025x15025 matrix

(black line) and a 10345x10345 matrix (red line) for the cln025 peptide

structure.

The lines are very close and they overlap in almost every area of the graph, but

the lines in Fig.2 overlap better.

24



08 F | -

04 \ .

02 | N l

0 1 2 3

Fig.4 Comparison between the results obtained using a 20356x20356 matrix
(black line), a 30050x30050 matrix (red line) and a 15025x15025 matrix (green
line) for the cln025 peptide structure.

The lines overlap almost perfectly.
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Fig.5 Comparison between the results obtained using a 20356x20356 matrix
(black line), a 30050x30050 matrix (red line), a 15025x15025 matrix (green

line) and a 25241x25241 matrix (blue line) for the cIn025 peptide structure.

The blue line is slightly lower (has a slightly lower set of values) than the other

lines.
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Fig.6 Comparison between the results obtained using a 20356x20356 matrix
(black line), a 30050x30050 matrix (red line), a 15025x15025 matrix (green

line) and a 10345x10345 matrix (blue line) for the cIln025 peptide structure.

The blue line 1s a little higher (has a set of higher values) than the other lines of
the graph, which seem to overlap almost perfectly. The distance between the
blue line of Fig.5 and the other three lines of the graph is smaller than the one
between the blue line of this graph (Fig.6) and the other three lines. The “other
three lines” derive from the exact same dataset, which is why the comparison is

being made.
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Fig.7 Comparison between the results obtained using a 14507x14507 matrix
(black line) and a 10345x10345 matrix (red line) for the cln025 peptide

structure.

The lines overlap almost perfectly. The lines that derive from the datasets of the
15025x15025 and 30050x30050 matrices (Fig.2) and the lines that derive from
the datasets of the 14507x14507 and 10345x10345 matrices (Fig.7) overlap

better than any other pair.
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The graphs deriving from the classic “Good-Turing” method for the cIn025

peptide structure are the following:
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Fig.8 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 30050x30050 matrix (red line) for the cln025 peptide

structure.

The lines are very close to each other and there is a slight overlap in various

sections of the graph.
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Fig.9 Comparison between the results obtained using a 10345x10345 matrix

(black line), a 30050x30050 matrix (red line) and a 15025x15025 matrix (green
line) for the cln025 peptide structure.

The green line looks almost between the red and the black lines. More
specifically, the green line appears to be a little closer to the black line at the
lower RMSD values and a little closer to the red line at the higher RMSD

values. The overlapping of the lines is obvious in this figure (Fig.9) as well.
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Fig.10 Comparison between the results obtained using a 30050x30050 matrix
(black line) and a 20356x20356 matrix (red line) for the cln025 peptide

structure.

Apart from an area at the lower RMSD values, the lines overlap.
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Fig.11 Comparison between the results obtained using a 30050x30050 matrix
(black line), a 20356x20356 matrix (red line) and a 15025x15025 matrix (green

line) for the cln025 peptide structure.

The lines overlap in many areas and in the ones where they do not, they are

remarkably close.
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Fig.12 Comparison between the results obtained using a 30050x30050 matrix
(black line), a 20356x20356 matrix (red line), a 15025x15025 matrix (green

line) and a 25241x25241 matrix (blue line) for the cIn025 peptide structure.
The blue line is slightly lower (has a set of slightly lower values) than the rest of

the lines in a few areas, but generally the lines overlap in such a way that it is

hard to distinguish them.
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Fig.13 Comparison between the results obtained using a 14507x14507 matrix
(black line) and a 10345x10345 matrix (red line) for the cln025 peptide

structure.

The lines overlap almost perfectly.
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Fig.14 Comparison between the results obtained using a 10345x10345 matrix
(black line), a 19702x19702 matrix (pink line) and a 14507x14507 matrix (light
blue line) for the cIn025 peptide structure.

The lines overlap almost perfectly. The light blue line overlaps a little more
accurately to the black line in contrast to the pink line, which is a little lower

(has a set of lower values) in a few areas of the graph.

The next graph shows the data that derive from both methods, for all the
different matrices created for the evaluation of the classic “Good-Turing” and

the “max of mins” method:
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Fig.15 Comparison between the results obtained using the “max of mins”
method for every different matrix created (lower set of lines) and the
“Good-Turing” method for every different matrix created (upper set of lines),

for the cln025 peptide structure.

The set of lines that are the result of the classic “Good-Turing” method are
located more on the right in the graph compared to the set of lines deriving from
the “max of mins” method. The set of lines that are the result of the classic
“Good-Turing” method are very close to each other, as well as the set of lines
from the “max of mins” method. The sets of lines for the two methods are close
to each other but not so, that it is not distinct which line belongs to which set.
The most ideal scenario would have these two sets overlapping. preventing clear

distinction pertaining which line represents the results of each method. As it
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appears, that only happens, for the lines of each set individually, meaning that
the lines, which are the result of the classic “Good-Turing” method, overlap
with each other in such way that it is not easy to tell each line from the other
and in the results deriving from the “max of mins” method, its lines are
overlapping with each other, again, in such a way that they cannot be efficiently

analysed as separate lines in this graph.

2n0x:

The matrices created for the 2n0x peptide structure and whose data are being
analysed here have been created by increasing the step (stride) between frames
in order to obtain smaller sized matrices. The steps (strides) between frames that

have been opted for each matrix for the purposes of this research are the

following:
Stride (step) between frames Matrix size
750 29834x29834 matrix
895 25000x25000 matrix
1100 20341x20341 matrix
1490 15017x15017 matrix
2180 10264x10264 matrix

Table 4. Step (stride) between frames & matrix size of the samples for the 2n0x

peptide structure.
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The optimal (sub-sampling) factors of the samples do not consistently decrease

as the matrix size gets smaller as it is evident in Table 5.:

Optimal (sub-sampling) factor of: Matrix size

8 10264x10264 matrix
9 15017x15017 matrix
24 20341x20341 matrix
37 25000x25000 matrix
32 29834x29834 matrix

Table 5. Optimal (sub-sampling) factor & matrix size of the samples for the

2n0x peptide structure.
In order to illustrate how robust the “max of mins” method 1s and how reliable

smaller matrices are, graphs have been created out of the datasets obtained from

the different runs.
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When it comes to the data deriving from the classic “Good-Turing” method, for

the 2n0x peptide structure, the graphs are the following:
1
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Fig.16 Comparison between the results obtained using a 10264x10264 matrix
(black line), a 15017x15017 matrix (red line), a 20341x20341 matrix (green

line) and a 2500025000 matrix (blue line) for the 2n0x peptide structure.

The lines do not overlap and are relatively close. More specifically, the black
and red lines are closer with each other, than with the other lines of the graph
and in a similar fashion, the green and blue lines are closer with each other, than
with the other lines of the graph. The red line, which derives from a larger
matrix (15017x15017 matrix), than the black line (10264x10264 matrix)
appears to be more on the “left” side of the graph (meaning that it appears to

have a lower set of values than the black line).
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Fig.17 Comparison between the results obtained using a 20341x20341 matrix
(black line) and a 29834x29834 matrix (yellow line) for the 2n0Ox peptide

structure.
The lines overlap almost perfectly. The biggest non overlapping areas between

these two lines are observed in the lower RMSD values where the probability

values are always higher.
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Fig.18 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 29834x29834 matrix (yellow line) for the 2n0Ox peptide

structure.

The lines are very close, but they do not overlap in almost any area of the graph.
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Fig.19 Comparison between the results obtained using a 10264x10264 matrix
(black line), a 15017x15017 matrix (red line), a 20341x20341 matrix (green
line), a 25000x25000 matrix (blue line) and a 29834x29834 matrix (yellow line)
for the 2n0x peptide structure.

As it has already been noted in Fig.17, the green and the yellow lines overlap
almost perfectly. The blue line does not represent the bigger matrix, but it is the
one located more on the “right” of the graph (meaning that it has a higher set of

values).
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The graphs deriving from the “max

structure are the following:

1
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Fig.20 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 29834x29834 matrix (yellow line) for the 2n0Ox peptide

structure.

The lines are very close to each other, but they do not overlap almost anywhere.

The lines presented in Fig.18 represent the same matrices, but the lines in that

graph (Fig.18) derive from the classic “Good-Turing” method and they are not

as close with each as the ones in this graph (Fig.20).
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Fig.21 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 15017x15017 matrix (red line) for the 2n0x peptide structure.

The lines are very close, but they do not overlap almost anywhere. The red line,
which is the resulting line for the 15017x15017 matrix, 1s located more on the
“left” than the black line which derives from the 10264x10264 matrix. The
same exact observation regarding the way the lines are placed in the graph
applies for Fig.16 and Fig.19, where the lines in these graphs derive from the
classic “Good-Turing” method, but for the same sized matrices (10264x10264
matrix and 15017x15017 matrix). The green line looks almost between the red
and the black lines. More specifically, the green line appears to be a little closer
to the black line at lower RMSD values and a little closer to the red line at

higher RMSD values.
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Fig.22 Comparison between the results obtained using a 10264x10264 matrix
(black line), a 15017x15017 matrix (red line), a 20341x20341 matrix (green

line) and a 25000x25000 matrix (blue line) for the 2n0x peptide structure.

The lines are close to each other. The “pairs” of the red and black line and the
green and blue line are very close to each other. The graph that represents the
lines for the same matrices, but is the result of the classic “Good-Turing”
method is Fig.16 and although the lines are not located where the lines that have
occurred from the “max of mins” method (Fig.22) are, the left to right “row” of

the lines is the same.
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Fig.23 Comparison between the results obtained using a 20341x20341 matrix
(black line) and a 29834x29834 matrix (yellow line) for the 2n0Ox peptide

structure.

The lines overlap almost perfectly, almost everywhere. The area where the lines

do not overlap is mainly between the RMSD values of 1-2 A.
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Fig.24 Comparison between the results obtained using a 10264x10264 matrix
(black line), a 15017x15017 matrix (red line), a 20341x20341 matrix (green
line), a 25000x25000 matrix (blue line) and a 29834x29834 matrix (yellow line)
for the 2n0x peptide structure.

As it has already been noted in Fig.23, the green and the yellow lines overlap
almost perfectly. In this figure (Fig.24), the blue line does not represent the
bigger matrix, but it is the one located more on the “right” of the graph

(meaning it has a higher set of values).
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The next graph shows the data that derive from both methods, for all the
different matrices created for the evaluation of the classic “Good-Turing” and

the ‘max of mins” method (for the 2n0x peptide structure):

08 [

0.6 |

0

0 1 2 3 4 5
Fig.25 Comparison between the results obtained using the “max of mins”
method for every matrix (dashed set of lines) and the “Good-Turing” method for

every matrix (solid set of lines) for the 2n0x peptide structure.
The lines from each of the two methods are not very close to each other.

Regarding the lines deriving from the “max of mins” method, the shift towards

the “left” on the graph is obvious.
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3.2 The “independent” method

Having noted above in this section, the reason why the trajectories of the
peptide structures of ¢In025 and 2n0x were used as samples for the evaluation
of the “independent” method’s efficacy, here follow the results that occurred
from the runs of the “independent” method for various steps (strides) between

the frames.
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cln025:

In the following graphs are presented the results that derive from the classic
“Good-Turing” method (black lines) and the “independent” method (scatter
plots) for the cIn025 peptide structure.
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Fig.26 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 5K scatter plot (gray scatter plot) for the cln025 peptide

structure.

The scatter plot-which is the result produced by the “independent” method-is
close to the black line, but they do not overlap in almost any area of the graph.
The scatter plot is more on the “left” of the graph (has a lower set of values),

with the exception being the 0-0.25A area.
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Fig.27 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 10K scatter plot (gray scatter plot) for the cln025 peptide

structure.

It is obvious that the 5K increase in the step has resulted in a better scatter plot
than the one in Fig.26. The line and the scatter plot overlap in many areas of the
graph, but the scatter plot is placed slightly lower (has a set of slightly lower

values).
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Fig.28 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 11.5K scatter plot (gray scatter plot) for the cIn025 peptide

structure.
The line and the scatter plot overlap in many areas of the graph and in many of

these areas, the line appears to be “in the middle” of the scatter plot, which is

the desired outcome.
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Fig.29 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 12K scatter plot (gray scatter plot) for the cln025 peptide

structure.

Just like Fig.28, the line and the scatter plot overlap in many areas of the graph,
but the scatter plot has a slightly higher set of values than the line. When it
comes to the values for the 1-2A area, the line and the scatter plot overlap better
in Fig.28, whereas for the 2-3A area, the overlap of the line and the scatter plot
is better than the one in Fig.28.
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Fig.30 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 12.5K scatter plot (gray scatter plot) for the cIn025 peptide

structure.

As the step increases, the line and the scatter plot overlap, but the line is no
longer “in the middle” of the scatter plot. The scatter plot has a higher set of
values than the line in many areas that are very important for the evaluation of

the result’s quality.
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Fig.31 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 13K scatter plot (gray scatter plot) for the cln025 peptide

structure.

The lines still overlap in many areas of the graph but the scatter plot has a

higher set of values than the line for the most important RMSD values.
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Fig.32 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 15K scatter plot (gray scatter plot) for the cln025 peptide

structure.
The line overlaps with the scatter plot in almost every area of the graph, which

is the case for Fig.28-31 as well, but the scatter plot is located higher (has a
higher set of values) for the most important RMSD values.
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Fig.33 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 20K scatter plot (gray scatter plot) for the cln025 peptide

structure.
As it has already been observed in Fig.32, the line and the scatter plot overlap in

almost every area of the graph, but the scatter plot is higher (has a higher set of

values) for the most important RMSD values.
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Fig.34 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 30K scatter plot (gray scatter plot) for the cln025 peptide

structure.
The line and the scatter plot do not overlap in as many areas as they do in

Fig.29-33, since the scatter plot is located even higher (has an even higher set of

values).
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Fig.35 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 50K scatter plot (gray scatter plot) for the cln025 peptide

structure.

The line and the scatter plot overlap in few areas of the graph. The scatter plot is

higher (has a higher set of values) than the line.
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Fig.36 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 100K scatter plot (gray scatter plot) for the cln025 peptide

structure.

The scatter plot appears to be higher (has a higher set of values) than the line

and they do not overlap with each other.
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Fig.37 Comparison between the results obtained using a 10345x10345 matrix
(black line) and a 200K scatter plot (gray scatter plot) for the cln025 peptide

structure.
The scatter plot is spread in a big area of the graph, it is higher (has a higher set

of values) than the line and the two (the scatter plot and the black line) do not

overlap almost anywhere.
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2n0x:

In the following graphs are presented the results that derive from the
“Good-Turing” method (black lines) and the “independent” method (scatter
plots) for the 2n0x peptide structure.
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Fig.38 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 10K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.

The scatter plot-which is the result of the “independent” method-is close to the

black line, but they do not overlap in almost any area of the graph.
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Fig.39 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 20K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.
It is obvious that the 10K increase in the step has resulted in a better scatter plot

than the one in Fig.38. The line and the scatter plot overlap in a few areas of the

graph, but the scatter plot is placed lower (has a lower set of values).
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Fig.40 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 22K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.
The line and the scatter plot overlap in many areas of the graph and in almost all

the areas where they overlap, the line appears to be “in the middle” of the

scatter plot.
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Fig.41 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 25K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.

As the step increases, the line and the scatter plot overlap, but in a few areas the
line is no longer “in the middle” of the scatter plot and in these areas, the scatter
plot has a higher set of values than the line. Compared to Fig.40, it is important
to note that in this graph (Fig.41) the line although not “in the middle”, is much
closer to the scatter plot for the 2-4 A RMSD values.

65



08

0.2

O L 1 L 1 L 1 L 1
0 1 2 3 4 5

Fig.42 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 28K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.

The line overlaps with the scatter plot in almost every area of the graph, which
is the case for Fig.40 and Fig.41 as well, but the scatter plot is located higher
(has a higher set of values) and in some of these areas the line appears to be “in
the middle” of the scatter plot (in the areas approximately between the 2-2.5 A
RMSD values).
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Fig.43 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 30K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.
The line overlaps with the scatter plot in almost every area of the graph, which

is the case for Fig.40-42 as well, but in this graph the scatter plot is located
higher (has a higher set of values).

67



08 .
06 4
04 .
0.2 .
\\\
0 . 1 . 1 . 1 T . 1
0 1 2 3 4 5

Fig.44 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 50K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.
The scatter plot is higher (has a higher set of values) than the line and the two

(the scatter plot and the black line) overlap mainly at the areas for the bigger
RMSD values (3-4.5 A).
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Fig.45 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 100K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.

The scatter plot is higher (has a higher set of values) than the line and the two

(the scatter plot and the black line) do not overlap almost anywhere.
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Fig.46 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 200K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.
The scatter plot is spread in a big area of the graph, it is higher (has a higher set

of values) than the line and the two (the scatter plot and the black line) do not

overlap almost anywhere.
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Fig.47 Comparison between the results obtained using a 10264x10264 matrix
(black line) and a 300K scatter plot (light blue scatter plot) for the 2n0x peptide

structure.
The scatter plot is “spread” in a big area of the graph, it is higher (has a higher

set of values) than the line and the two (the scatter plot and the black line) do

not overlap almost anywhere (in a similar fashion as in Fig.45 and Fig.46).
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3.3 The “Jude” method

For the “Jude” method many different trajectories for proteins or peptide
structures were used to test the quality of the method. The samples showcase a
variety of specific properties (pertaining to the size, folding rate and behavior),
which is desirable, considering it makes evident whether the method is adequate
or not, for any kind of protein or peptide structure. More trajectories were used
as samples for the evaluation of the “Jude” method, than the ones presented in
this section. The following results successfully highlight the way the method
works for different kinds of proteins or peptide structures and the results that are
not included, do not lead to other conclusions, regarding the efficacy and the
reliability of the method.
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Fig.48 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot overlap in almost every possible area. In the
majority of the areas where the two overlap, the scatter plot is found to have a
slightly lower set of values than the line. The line appears to be “in the middle”
of the scatter plot in the areas approximately between the 0.75-1.25A RMSD
value.
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Fig.49 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot overlap with each other. The scatter plot is “spread”
across the graph, showcasing a big range in the probability of unobserved
configurations for different RMSD values. The line has a lower set of values
than the scatter plot, but never reaches a possibility of 0 for unobserved
configurations at any RMSD value.
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Fig.50 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the

“Jude” method (light violet).
The scatter plot and the line overlap in some areas and in the ones where they

do not, they are relatively close to each other. The scatter plot also has a higher
set of values than the line.
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Fig.51 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot overlap in very few areas, with the scatter plot
showcasing quite a big range in the probability of unobserved conformations for
different RMSD values, with a higher set of values than the line. The line on the
other hand, never reaches the possibility of 0 unobserved conformations at any
RMSD value.
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Fig.52 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot overlap in some areas and in the areas where they
do not, they are quite close with each other. The scatter plot is more in the
“right” on the graph (has a higher set of values) than the line, with the exception
of the area where the probability of unobserved configurations is 0 or near O.
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Fig.53 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

0

The line and the scatter plot overlap in some areas of the graph and in the ones
where they do not, they are quite close to each other. The scatter plot is more on
the “left” of the graph (has a lower set of values) than the line.
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Fig.54 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line overlaps with the scatter plot in every area possible, with the scatter
plot being more on the “right” than the line (having a higher set of values) for
lower RMSD values and more on the “left” (having a lower set of values) for
higher RMSD values. The line also never reaches the possibility of 0
unobserved configurations at any RMSD value.
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Fig.55 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot are not close to each other, with the only areas of
slight overlap located at the very low RMSD and very high RMSD values. The
scatter plot is more on the “right” (has a higher set of values) than the line and it
has a big range of different pairs of data, which is responsible for how much the
scatter plot “spreads” across the graph.
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Fig.56 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The scatter plot is located more on the “right” (has a higher set of values) than

the line. The line and the scatter plot overlap in a few areas and in those where
they do not, they appear relatively close with each other.
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Fig.57 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot overlap in many areas of the graph and in those
where they do not, they appear very close to each other. The scatter plot is
located more on the “right” (has a higher set of values) on the graph. It is also
important to mention, that between the RMSD values of 3-4A, the line is “in the
middle” of the scatter plot.
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Fig.58 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot are not close to each other overall and the only
areas where they overlap are located at high RMSD values, or at very low
RMSD values (practically the only area actually worth mentioning is between
the 4-5A area). Compared to the line, the scatter plot is more on the “right” side
(has a higher set of values) of the graph.

83



08

0.6 |

0.2

0 L 1 L 1 L 1 .
0 1 2 3 4

Fig.59 Comparison between the line that occurs from the classic “Good-Turing”
method (black line) and the scatter plot that derives from the application of the
“Jude” method (light violet).

The line and the scatter plot are mainly relatively close to each other, with a

single area of overlap spotted at low RMSD values. Compared to the line, the
scatter plot is more on the “left” (has a lower set of values) on the graph.
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4. Discussion

4.1 The classic “Good-Turing” method and the “max of mins” method

The results pertaining to the classic “Good-Turing” method are as expected;
when the step (stride) between frames—which results in different sized matrices—
is big, a shift towards the right can be observed on the graphs. When comparing
the different methods (classic “Good-Turing” method and “max of mins”
method), a shift towards the left on the graphs can be observed (see Fig.15 and
Fig.25). Of course, a shift either towards the right or the left on the graphs was
expected and it is understandable, since less data have been used to determine
convergence, but the shift towards the left indicates that the “max of mins”
method is more “optimistic” than the classic “Good-Turing” method (which
calculates the whole matrix), indicating that convergence is reached earlier. A
promising feature is the fact that the differences in the datasets of the “max of
mins” method and the classic “good-turing” method are small. If one is to
compare the proximity of the lines from each of the two methods (classic
“Good-Turing” and “max of mins” method), when the trajectory of cIn025 is
sampled (Fig.15) and when the trajectory of 2n0x is sampled (Fig.25) the
difference is obvious, with the lines deriving from the analysis of the trajectory
of cIn025 being very close to each other. This difference is easily attributed to
the fact that 2n0x is a significantly more flexible peptide structure that reaches
convergence later than cIn025. Naturally, the classic “Good-Turing” method
always provides more accurate results, since it utilises the whole matrix. With
that being said, the importance of the fact that every dataset that derived from
the different runs, using the “max of mins” method, is shifting towards the left
side should be noted, because it means that this method is consistently a bit
more “optimistic”, indicating better convergence than what is actually the case.

An inconsistency in the results, that should also be mentioned, is the
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sub-sampling factor, which does not gradually get smaller in every case (see
Table 3 and Table 5), but there are some inconsistencies due to noise, although
that fact does not cause any real concern, since even with that noise the results

are still reliable.

4.2 The “independent” method

The results from this method show that the “independent” method is not a
reliable enough method and without the results from the previous grcarma runs
(classic “Good-Turing” and “max of mins” method), where the ideal and actual
step of the program used is known, many runs of the "independent" method
were required in order to determine the ideal step. Out of all the steps that have
been opted in the “independent” method the ideal one appears to be between
11,5-12K, which is approximately two times (2x) the actual step that the
program (grcarma) used (6100) to produce the 10345x10345 matrix for the
cln025 peptide structure. From the comparison of the results deriving from the
classic “Good-Turing” method, with the results deriving from the “independent”
method, for the 2n0x peptide structure, it is obvious that the ideal step for the
“independent” method cannot be determined as easily as it was for cln025 (a
significantly more stable protein), since some steps are more in agreement with
the data deriving from the classic “Good-Turing” method for certain values and
other steps are more in agreement with the data deriving from the classic
“Good-Turing” method for certain other values of equal importance. Of course,
the inability to have an ideal step for the “independent” method with the 2n0x
peptide structure as a sample, can be attributed to its instability but it is surely
not encouraging, further indicating the need for the step (stride) between frames
to be determined based on a more concrete method. Another thing that should

be clarified, is the fact that other matrices apart from the 10264x10264 matrix,
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the 29834x29834 and the 15017x15017 matrices, were used as reference, in
order to evaluate the efficiency and reliability of the “independent” method, but
since the conclusions from these comparisons with the classic “Good-Turing”
method, are such that they do not make the “independent” method appear more
or less reliable, these results are not included. Experiments with even more steps
(strides) between frames were conducted as well (for the assessment of the
“independent” method), but again it would be excessive to include them after

the method turned out to be unsatisfactory.

4.3 The “Jude” method

The trajectories tested indicate that the “Jude” method is mainly more
“pessimistic” (i.e. a shift towards the right on the graphs can be observed for the
scatter plot) (~67%), compared to the classic ‘Good-Turing” method. It is
evident that the “Jude” method produces better quality results, when the protein
sequence is such that the peptide structure is stable. Additionally, in 75% of the
samples, the scatter plot and the line are not overlapping in every area possible,
let alone have the line “in the middle” of the scatter plot. The fact that the
method is mainly “pessimistic” is not disheartening, because it is better that this
less accurate method does not assume convergence has been reached earlier
than when it actually does. However, the ideal scenario would have the
line—which is the product of the classic “Good-Turing” method—“in the middle”
of the “Jude” method’s scatter plot. The “Jude” method cannot be characterized
as unsatisfactory, but it should be suggested that the “fixed” step should
probably be adjusted depending on the predicted folding behavior of the protein
that is meant to be used as a sample (the user can adjust the code as they

please). As stated above in this section, a stable peptide structure produces more
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accurate results, but even considering these cases the results of the “Jude”

method are overall “pessimistic”.
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5. Conclusions

5.1 The classic “Good-Turing” method and the “max of mins” method

The classic “Good-Turing” method is the only existing method that analyses an
MD simulation and can answer whether convergence has been achieved or not
with a probability. The results are very promising, as it looks like smaller
matrices can provide reliable results regarding the sample’s convergence. The
“max of mins” method is a method that could work as an interesting alternative,
but the results from the “max of mins” method appear to be more “optimistic”
than the ones deriving from the classic “Good-Turing” method—which was not
expected. Also, even if the “optimism” of the “max of mins” method was not an
issue, the “max of mins” method is a method that could work as an adequate
alternative, so long as, the method can be applied independently from the classic
“Good-Turing” method, (meaning that the desirable program will have the “max
of mins” logic but it will actually be cost-effective). Overall, it looks like the
“max of mins” logic could be an accurate enough and computationally cheaper
alternative to the classic “Good-Turing” method, but as it has been stated above,
the consistently more “optimistic” results of the “max of mins” method are an

interesting-and not really expected-outcome.

5.2 The “independent” method

With the “independent” method there is no need for the program to calculate the
whole matrix, since as the name itself states the method can be applied
independently from the classic “good-turing” method. Analysis of the data so
that the optimal factor can be determined, never takes place, which is the key

change in the method that reduces the computational cost significantly. The
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results that occur from the “independent” method are promising, since they
provide an idea regarding “What is the ideal step that should be used for the
analysis of peptide structures?”, but they are not adequate, because up until this
point there is no formula for finding the ideal step for the different proteins,
other than “trial and error”. The “independent” method indicates the potential of
a cheaper alternative method for determining convergence with a probability (a

probability of unobserved conformations for different RMSD values).

5.3 The “Jude” method

Out of every experimental method tested in this research, the “Jude” method is
the most complete out of all of them. The “max of mins” method already
“knows” which is the optimal sampling factor, for each peptide structure used as
sample, thanks to the run of the classic “Good-Turing” method that happens
alongside with the “max of mins” method, which is why the “max of mins”
results are so robust and also why the method is not cost effective. On the other
hand, the potential accuracy of the “independent” method is completely random,
with the “ideal” step (stride) between frames determined only through
comparison with the classic “Good-Turing” method. The “ideal” steps (strides)
between frames determined through “trial and error” for the cost-effective, but
unreliable “independent” method were taken into consideration for the creation
of the “Jude” method. The “Jude” method has a “fixed” step (stride) between
frames set initially in the program, so there is no need for the maxRMSD vs
sampling factor distribution, lowering that way the computational cost. This
approach is also better than the “independent” method, not only because the step
(stride) between frames is not random, but because there are extra parameters
used in order to determine whether the simulation time is enough that all

important configurations for the analysis in hand have been observed and this
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set of data can be obtained by the user, so additional conclusions can be
deducted from them, apart from the final P, pnea VS RMSD distribution
produced. What makes the “Jude” method superior to the previously tested
ones, is the consistently “pessimistic” results it produces, ensuring that the
question of whether convergence has been achieved can be answered with a
probability that will more likely be higher and not lower, than that emitted from
the established classic “Good-Turing” method. Ultimately, the “Jude” method is
an adequate method for users who want to evaluate the convergence rates of
peptide structures without resorting to extremely uneconomical methods or

unsatisfactory ones that do not provide a probability.
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6. List of abbreviations

MD: Molecular Dynamics

ET,: Endothelin A

ETg: Endothelin B

TM: Transmembrane

GPCRs: G-protein-coupled receptors
ET-1: Endothelin-1

IAPP: Islet Amyloid Polypeptide
CDP-1: Cysteine Deleted Protegrin-1
PG-1: Protegrin-1

NAT: N-terminal acetyltransferase
RMSD: Root Mean Square Deviation

Rop: Repressor of primer
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