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Abstract

Predictive modelling of directed evolution for de-novo design of solid binding peptides
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Department of Chemical Engineering

Genetically Engineered Polypeptides for Inorganics are the solid binding polypeptides
designed to exploit their molecular specificity and binding affinity towards certain inorganic
material surfaces. These solid binding polypeptides are selected using combinatorial methods
such as phage display. These selections can then be optimized using directed evolution.
Directed evolution involves the application of the molecular insights gained from the
previous methods to evolve the activities of extant peptides and proteins. In the current thesis,
we have developed an statistical approach to identify quantitative amino acid properties
relevant to the binding behaviours of solid binding peptides using biopanning
experimentation data for determining directed evolution trends. We have also trained
machine learning models for the modelling of the binding behaviours of 12 amino acid length

MoS: binding peptides, and for the de-novo design of sequences. In doing so, we have



developed a simple and efficient methodology for the predictive modelling of directed
evolution for de-novo design of solid binding peptides. The protocols developed are expected
to impact the technological applications on the peptide-single layer solid based bio/nano soft

interfaces such as biosensors, bioelectronics, and potentially also medical applications.
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Chapter 1

Introduction

Proteins are large and complex molecules which are essential for the existence of life as we
know it. They play a major role in almost all the diverse biological processes. This includes
enzymatic reactions, structural enhancement, cell motility amongst others. This versatility in
application is because of their polymeric structure of varying lengths consisting of 22
proteinogenic Amino acids (20 standard amino acids and additional 2 incorporated by special
translation mechanisms) as monomer units. This results in the proteins folding in specific
three-dimensional structure or conformation which gives the protein its activity. [1-3] This
activity can be traced to the specific interactions between these proteins and their ligands.
The molecules which display the same kind of binding site interactions can thus be
considered for similar applications. Polypeptides, with less than 20-30 Amino Acid residues
can be used to sufficiently mimic proteins, with the added advantage of possible
modifications. These modifications can be either addition of non-proteinogenic amino acids

or modifications to the very backbone of these peptides. [3-5]

Genetically Engineered Polypeptides for Inorganics (GEPI) are such short Amino Acid
sequences which display a binding affinity towards solid inorganic materials. [6,7] They are
also known as Solid binding peptides (SBPs) and Inorganic Binding Peptides (IBPs). [8,9]
The uniqueness of these peptides is in the phenomenon of molecular recognition. That is,
they can be selected to have an exceptional binding affinity towards a certain material, but
none whatsoever towards others. This is done using phage display or cell surface display
techniques. [10,11] These selections can be further optimised using directed evolution.
Directed Evolution uses molecular insights gained from previous methods and applies them

to bias the protein or peptide sequences towards selection of favourable mutations. [12] In



synthetic biology, natural evolution can prove destructive by adding a high degree of
randomness into the system. [13] Directed Evolution, however, mimics natural evolution in a

laboratory setting where the factors affecting it can be controlled or “directed”. [14]

The problem with these approaches is that while directed evolution makes it possible to select
highly functional peptides, the space of possible peptide sequences is too large for an
exhaustive search. It is severely limited by the library used initially. It is only possible to find
the local optima, instead of the best possible sequence for a given function. The (specifically)
functional peptides are extremely scarce in this local peptide space. Furthermore, increasing
the functionality makes the applicable sequences exponentially scarcer. [15,16] It should also
be noted that directed evolution discards the information gained from sequences that do not

exhibit the desired functionality.

It is possible to circumvent this problem by using the predictive machine learning models.
Thus, it would be desirable to use these methods in the de-novo design of peptides. There
have been some notable developments of machine learning algorithms for selection of
functional proteins. [17] Recently, Muller et al successfully used Neural Networks to predict
antimicrobial peptides with 82% of pseudo-probability for the training set and 65% for
randomly sampled sequences with similar amino acid distribution. [18] In the current work
the authors have attempted to identify properties that are displayed by amino acid residues in
the GEPI which bind to a Molybdenum disulfide substrate, a two-dimensional atomically
thick semiconductor solid. This addresses the outstanding problem of loss of interpretability.
The machine learning models developed to accurately map the relationship between the
position specific amino acid property descriptor values and the COAM values also help us
better understand the influence of the properties on the binding phenomenon displayed. This

allows us to predictively generate new peptides with the desired binding affinity to MoS2.
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Figure 1 De-novo design of solid binding peptides. It is
an iterative methodology to refine peptide libraries and
increase the density of functional peptides

The GEPI-MoS: interaction described in the current thesis paves way for the possibility of a
high-throughput design of Self-Assembled Peptide/Single Layered Atomic Material
(SAP/SLAM) systems. Self-Assembly of peptides is a process in which peptides aggregate to
form highly ordered 3-dimensional structures without external influences. The structures are
maintained in a stable low-energy state by the non-covalent forces, namely Hydrogen
bonding, hydrophobic interactions, electrostatic interactions, and van der Waals forces.[105-
107] Self-assembly of biological molecules on semiconductors is fundamental to the bottom
up approach of bio-electronic integration. Using such self-assembled peptides, such
bioelectronic interfaces can be formed on highly controlled Single Layered Atomic Materials.
[108-111] These interfaces display some of the simplest tuneable bio-nano interactions in

nature.



Chapter 2

Background/Biopanning
Introduction:

Molybdenum disulfide (M0S2) is a transition metal dichalcogenide, which are materials with
the structure of MX2, where M is a Transition metal (Ti, Zr, Hf, V, Nb, Ta, Mo, W, Tc,
Re,Co, Rh, Ir, Ni, Pd, Pt), and X is a Chalcogen (S, Se, Te). They demonstrate
semiconducting, superconducting, or metallic electronic properties.[112] Single layer M0S2
exhibits properties similar to Graphene, with the added advantage of a direct band gap of 1.8
eV and abundance in the form of molybdenite.[113] As a result of the band gap, 2D Mo0S2
can be used for the next generation switching and optoelectronic devices.[114] such as light

emitting diodes, ultrasensitive transistors, and flexible solar cells. [104]

Previously in the GEMSEC lab, a preliminary high-throughput peptide-selection protocol
was developed in which solid binding peptides were selected against a two-dimensional

atomically thick molybdenum disulfide substrate generating a preliminary data-pool with
about 2 million unique peptides. [100] The protocol and its results are summarized in the

current chapter.
Methods:

1. Combinatorial Mutagenesis and Biopanning: A dodecamer Phage (M13
bacteriophage) Display library is used to select MoS2 binding peptides. For such a
screening, 5 mg of MoS2 flakes are dispersed in 1 mL of potassium phosphate/sodium
carbonate buffer (PC, 55 mM KH2PO4, 45 mM Na2CO3, and 200 mM NacCl, pH
7.4), containing 0.02% Tween 20 detergent. 10 uL of the library is incubated in the

mixture for 3 hours at room temperature and washed before overnight incubation. The



flakes are then washed successively with the PC buffer, and 0.1%, 0.2%, and 0.5% of
the Tween 20/80 detergent to screen the weakly bound phages into Wash 1, Wash2,
and Wash3. The remaining phages are then washed from the surface using an elution
buffer consisting of 0.2 M Glycine-HCI (pH 2.2) into an Eluate. Each phage pool is
then neutralized and purified via PEG/NaCl precipitation and resuspended in de-
ionized water. [100]

. Washes: The experiments were designed such that the peptides selected had an
increasing binding affinity towards MoS; surface from wash 1 to wash 2 to wash 3.
These are designed to completely disrupt these bonds. They could potentially display
an evolution towards the selection of strong binding peptides. This binding affinity
only addresses one or more specific binding mechanism explored by the detergent in
the biopanning experiment. [22-24] Thus, the eluate includes only the binding
peptides which employ all the other kinds of mechanisms.

DNA Isolation and Next-Generation Sequencing: The single-stranded DNA
(ssDNA) of the M13 bacteriophage is isolated from wash and eluate phage pools. The
sequencing library is prepared by amplifying the 36 bp peptide-coding variable region
using Q5 polymerase (New England Biolabs). Sequencing adapters containing p5 and
p7 index sequences are attached using a second PCR. The purified PCR products from
each phage pool are loaded in duplicates on the sequencer plate and sequenced nusing
Next Generation Sequencing (NGS). NGS is a high-throughput approach to DNA
sequencing. It uses miniaturized and parallelized platforms for sequencing of 1
million to 43 billion short reads (50-400 bases each) per instrument run. After
combining with the other replicates, the data was translated into amino acid sequences

to generate peptide datasets. [100]



Results:

1. DNA Isolation and Next-Generation Sequencing: The NGSThe Next-Generation
Sequencing (NGS) platform yielded about 288 million DNA sequences in total. Upon
processing more than 2 million unique peptides were identified with varying copy
numbers that survived in the successively stringent washes. [100] The peptides are
generated in form CSV (Comma Separated Value) files that contain the sequence data
from the clusters that pass filter on a flow cell. Three csv were generated and used for

the analysis.



Chapter 3

Shannon Entropic Analysis
Introduction:

The biopanning dataset of peptides distributed through the washes holds a treasure trove of
information about the macro-behaviours of peptides when interacting with the materials and
the solvents. It was used to extract information about the binding phenomenon to gain
knowledge about the binding mechanism(s) disrupted in the experiments. It is desired to
discern the influence of properties on the manipulate peptide sequences for a preferred

binding effect (sticking or antifouling).
Methods:

1. Dataset:
1.1.Sets of washes: Based on
Peptide space covered in the washes and the eluate
the increasing binding
affinity with respect to a
binding mechanism, the sets

of washes were defined as

follows:

1. Wash 1 only: The

Wash 1 Wash 2 Wa;—S ___iEIuate

peptide sequences which
Figure 2 Peptides space and washes considered. The sections from ‘Wash 1
are exclusive to wash 1. only’ to ‘Wash 1 AND 2 AND 3’ include the pools representing the
continuous peptide space with increasing binding affinity with respect to
. the mechanism explored. ‘Eluate only’ specifically included peptides which
2. Wash 1+2: The peptide display all the other mechanisms, and ‘Wash 1 AND 2 AND 3 AND Eluate’
includes peptides which could be disrupted by both kinds of washing.

sequences exclusively

common to both washes 1 and 2. The sequences present only in wash 1 or only



in wash 2 were not included. Similarly, sequence present in wash 3 or eluate
were also discarded.

3. Wash 1+2+3: The peptide sequences exclusively common to washes 1, 2, and
3. The sequences present only in wash 1, only in wash 2, or only in wash 3
were not included. Similarly, sequence present in eluate were also discarded.

4. All Washes: The peptide sequences exclusively common to washes 1, 2, 3 and
the eluate. The sequences present only in wash 1, only in wash 2, only in wash
3, or only in the eluate were not included.

5. Eluate only: The peptide sequences which are exclusive to the eluate.
(See fig 2)

1.2.Data Cleaning: The files were cleaned to remove repetition of the peptide
sequences. Any sequence which was not exclusive to the ‘set’ of washes being
considered was removed. (More on this in Section 2.2) Similarly, any repeating
sequences within a set were removed such that a sequence only appears once.

2. Entropic Analysis:

2.1.Shannon’s Information Entropy: Information
entropy (see fig 3) is the average rate at which H=- Z Filog: F;
information is produced by a stochastic source of data. Figure 3 Information Entropy
Using Entropy, it is possible to understand for the existing sequences, the
propensities for exhibition for certain properties, given the abundance or scarcity
of an amino acid at a given position. [21]
Entropies were calculated at each position in the polypeptide sequences with

respect to Amino Acids and their properties, for each set.



2.2.Property descriptors: 527 structural properties (See Table B1, Appendix B) were

quantified with respect to their
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T = correlation coefficient

influence at each of the positions.
Properties such as charge,
Li = values of the x-variable in a sample

aromaticity, hydrophobicity are of

I =mean of the values of the x-variable

Yi = values of the y-variable in a sample

particular interest. This data had § = mean of the values of the y-variaie
been compiled from research articles Figure 4 Pearson Correlation

studying amino acids and amino acid residues in peptides and proteins. At a
glance, many of these properties displayed similar values and trends with respect
to Amino acid. Upon investigation, many of these properties showed a high
Pearson correlation (see fig 4). Pearson Correlation helps identify the linear
correlation between any datasets. It was desired to eliminate highly correlated
properties as they are assumed to describe the same phenomenon. Eliminating the
extra datasets increases the efficient packing of peptide data. Thus, the sets of
property descriptors with more than 90% correlation were identified. The 90%
threshold was chosen arbitrarily. If multiple property descriptors were similar, it
was assumed that they are describing the same underlying phenomenon. The
properties which showed the correlations were disposed such that only one of the

properties representing the assumed description remained. Thus, the list was

reduced to 292 unique property descriptions (Available in Github).



2.3.1dentification of Trend expected

relevant properties: Ny

Based on the insights AN
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gained from the £

Shannon’s Information

Entropy for the

\ /
N/

propertles, |t |S pOSSlbIe Only Wash 1 Wash 1+2 Wash 14243 All'Washes Only Eluate

Washes

to Identlfy the propertles at Figure 5 Trend that shows an evolution (from Only Wash 1 to Wash 1+2+3) Only

the Entropies displayed by ‘Wash 1+2+3’ is of importance. It must be lower than
the positions which d|sp|a_y a all the other values. The relationship between other values is inconsequential to
the current study, but not irrelevant in the information displayed about the
distribution of influence of the binding mechanisms.

relationship with the binding
affinity. These relationships may not necessarily be of a causal nature. The
experiments are designed such that for properties which affect the binding, the
entropy would show a specific trend for the sets. The entropy for the ‘Only
Eluate’ represents the peptides binding to the MoS; substrate using all the other
binding mechanisms, and as a result must be higher than the ‘Wash 1+2+3’ and
also for the ‘Only Wash 1’ set which consists of all the weak and the non-binders,
without any particular specificity. The entropy should be the lowest for the third
set (wash 1+2+ 3) as it indicates an evolution or selection of peptides which

display the property. (See fig 5)
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Results and Discussion:

Identification of relevant properties: Based on the entropic analysis for all the

sequences, about 196 out of the 527 property parameters were identified which

showed any correlation for any of the positions. [24-101] These properties were

chosen based on the threshold
difference of the entropy for
‘Wash 1+2+3” with respect to
the other entropies. The
threshold was arbitrarily set as
0.02 to indicate a difference of
about 10%.

About 7 of these properties

For all the positions

Entropy

Washes

Figure 6 Property Entropy graph for all the positions. The property numbers of
the properties which were found to be related to GEPI binding to MoS2 are
mentioned on the top left corner. For more on the properties see Table 1.

show a strong correlation, enough to display the trend for the entire peptides with a

threshold of 0.24 (See table 1, See figure 6) The influence of different properties

seems to be localized to different position in the 12 Amino acid length sequences. It

must be noted that the property parameters identified may be causal or correlational.

The graphs and the list of the properties for the entropic analyses can be found in the

Appendix A and B.

Table 1 Properties which display a high correlation to the binding mechanism(s) of GEPI to

MoS..

Property Property Reference
index

83 Consensus normalized hydrophobicity scale [51]

262 Weights for alpha-helix at the window position of 6 [82]

282 Information measure for middle helix [83]

345 Weights for beta-sheet at the window position of -3 [82]

351 Weights for beta-sheet at the window position of 3 [82]

357 Beta-sheet propensity derived from designed sequences [85]

11



Chapter 4

Predictive Modelling
Introduction:

Peptide space denotes a permutational space of natural amino acid residues. The space is vast
and functionally sparse, making it practically impossible to generate all the sequences
required to understand global peptide behaviors and interactions with other materials. The
biopanning data generated previously is large yet limited as compared to the expanse of the
peptide space. Having identified the relevant properties using Shannon Entropic Analysis, we
can leverage the data generated and deep learning to identify the underlying directed
evolution trends from the large yet locally limited peptide binding datasets. Using machine
learning tools can help us design peptides residing in a much larger expanse of the global

peptide space at a fraction of the computational and monetary costs.
Methods:

1. Dataset:

1.1.Center of Abundance Mass: Using centre of abundance mass allows for a better
quantification of the binding mechanisms and strengths as displayed by individual
peptides. Centre of Abundance mass is the weighted average of the distribution of
any given peptide within the washes and eluate. It is the sum of the product of a
peptide population in the wash and wash index (0: Wash 1, 1 Wash2, 2: Wash 3,
3: Eluate) divided by the total population of the peptide. The Center of Abundance
Mass metric allows for a quantitative representation of peptides included in more
than one washes. It follows a Gaussian distribution, with numerous outliers. [1]

1.2.Property Descriptors: 527 quantitative structural properties were used to
quantify the relative influence of different amino acid residues at each of the

12



positions. Multiple sets and forms of these 527 properties were used to determine

the effectiveness of the property descriptors.

Table 2 Sets of property descriptors

Number of
Properties

Description

527

All quantitative structural properties

196

In the previous article, Shannon Entropy was used to identify
properties which showed correlation to the binding phenomenon
displayed in the biopanning experiments. Out of the 527
properties, only 196 showed correlation to the binding
mechanism.

292

The property data has been compiled from multiple research
articles studying amino acids and amino acid residues in peptides
and proteins. The sets of property descriptors with more than 90%
correlation were assumed to be describing the same underlying
phenomenon and were disposed such that only one of the
properties representing the assumed description remained. Out of
the 527 properties, only 292 were found to display less than 90%
correlation.

111

Only the properties which showed correlation to the binding
mechanism and less than 90% correlation with each other. This is
an intersection of the 196 and 292 properties identified above.

20

Most of the 527 properties were found to be correlated with each
other. Thus, to describe the unique trends underlying the property
descriptors, 20 principle components were calculated using
Principle Component Analysis. The components are orthogonal,
and thus do not have any correlation amongst each other.

1.3.Input datasets: Each peptide sequence is first converted into a two dimensional

matrix [Position x Amino acid property descriptor] where each element represents

a normalized (on the scales of 0 to 1) property descriptor value for the amino acid

residue at any given position within the peptide. This matrix is then reshaped into

a one-dimensional feature. Multiple features are stacked together to create a two-

dimensional input matrix [Number of peptides x Position-specific amino acid

residue property].

13



1.4.0utput/Target dataset: The center of abundance mass values are normalized on
the scale of 0 to 1. The output is a one-dimensional vector [Number of peptides]
consisting of center of abundance mass values for each peptide.

2. Data Processing:

2.1.Training and Test set: The datasets were divided into a training set and a test set.
Approximately 10% (16569 peptides) of the dataset is saved as the test set, and
the rest 90% (150061) is used as the training set. This is done to test the
generalisability of the models for unseen data, to evaluate the bias, and reduce the
overfitting of the training dataset.

2.2.Classification: The dataset is divided into multiple classes to separate the
peptides based on their binding characteristics. The COAM follows a Gaussian
distribution with a mean of 1.1288 and a standard deviation of 0.2877. The
peptides with COAM lower than two standard deviations below the mean are
classified as weak, whereas the peptides with COAM higher than two standard
deviations above the mean are classified as strong. The peptides with COAM
within the two standard deviations around the mean are classified as medium
binders. The outlier peptides found exclusively in the eluate pool are classified as

super binders. These are the peptides with COAM of 3.0.

14



2.3.Data imbalance problem: The Distribution of the peptides

4000
center of abundance mass metric
3500 1 Mean (p) = 1.1288
used to quantify peptide binding w00 | Std dev (o) = 0.28765
strength follows a Gaussian & 200 |
distribution (see figure 7). 5 2000
$
Approximately 95% of the 2 1500 1
. . 1000 1
peptides by design fall under Super
. . . Sou 1
‘medium’ classification. About \
o4 T T
. 00 05 wl 15 25 30
2.5% of the peptides fall under Weak Center of abundance mass St
ca . ron
o Medium &
‘weak’ and ‘strong’ classifications
Figure 7 Distribution of Center of Abundance mass
s . . displayed by the peptides. The distribution is Gaussian with
each. The ‘super’ classification covers two sets of outliers (at COAM 0 and 3)

less than 0.002% of the peptides. This imbalance in the classification of the
datapoints leads to bias in the machine learning algorithms. It is possible to
address the data imbalance by improving the ratio of the peptides in the
classifications.

2.4.Augmentation: In this case we have increased the number of weak, strong, and
super binders, by multiplying these datasets and reduced the medium binders by
randomly removing half of the dataset. A small noise is randomly introduced into
the input of the multiplied dataset to avoid memorization of values. It must be
noted that the noise values added are gaussian in distribution to mitigate an
accretion of errors.
Furthermore, the entire dataset was duplicated with reverted sequence data. Itis
assumed that the ‘macro’ binding behaviour does not change significantly with the

direction of peptide. (See fig 8)
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Distribution of the peptides Distribution of the peptides in an augmented dataset
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Figure 8 Typical data augmentation. Left: Distribution of peptides before augmentation, Right:
Distribution of peptides after augmentation.

2.5.Normalization: The property descriptors mined from various articles had values
as high as 707 and as low as -205. It also had values from the order of 10"(2) to
the order of 10”(-3). With input values existing on different scales, the associated
parameters will also exist on different scales. It becomes difficult for machine
learning algorithms to iteratively achieve values closer to accurate parameters.
Standardization of the values allows us to retain variance information for the
amino acids in the case of any property, while reducing the disparity of the scale
between different properties. Using normalization for multiple linear regression
also increases interpretability by estimating the influence of any given property
and position on the binding behaviours.

2.6.K-fold cross validation: K-fold cross validation is a resampling procedure used
to evaluate the efficiency of a model on unseen data samples. In this procedure,
the parameter k refers to the number of groups into which the dataset is split
randomly. In every iteration, one of the groups is held back as a validation set, and
the model is trained with the rest of the groups. It is then tested against the

validation set to evaluate the efficiency of the model. In the current models, 5-fold

16



validation is employed because of limited weak, strong, and super datasets. The

training set is thus split into training and validation sets with a 4:1 split.

3. Predictive modelling:

3.1.Multiple Linear Regression:

Multiple Linear Regression is a supervised machine learning algorithm which

models a linear relationship between multiple explanatory variables and a

response or dependent variable. [101]

Architecture: In the current project, Multiple Linear
Regression models are used with slight modifications. An
activation filter (ReLU) is used to keep the COAM values
more than or equal to zero. (fig 9) The loss function used was
Mean Squared Error. MSE is average of the squares of the
difference between the predicted output values and the
actual/target output values. Multiple models were created with
only selective datasets to only distinguish between two

classes at a time. Models trained are displayed in Table 3.

Figure 9 Model Architecture. A
Multiple Linear regression followed by
a RelU filter.

Table 3 Multiple Linear Regression Models trained to discern different classes of peptides

MLR model | Description

All peptides | A multiple linear regression model trained using all peptide

binders.

model datasets. It is used to predict weak, medium, strong, and super
binders.

SS model A multiple linear regression model trained using super and
strong binding peptide datasets. It is used to predict super
binders.

SM model A multiple linear regression model trained using strong and

medium binding peptide datasets. It is used to predict strong

binders.

MW model A multiple linear regression model trained using medium and
weak binding peptide datasets. It is used to predict weak

17



3.2.Directed Acyclic Graph: Directed Acyclic graph (DAG) is a directed graph with

no cycles. In the DAG, the Multiple Linear Regression models were arranged in a

topological order. The classifications are made in the hierarchy is given a

preference in the order of the SS model first, then the SM model, and finally the

MW model. The SS model is used to
predict ‘super’ binding peptides. The
peptides which are not classified as

‘super’ are passed through the SM Position

property
dataset

model which filters out the ‘strong’ input
binding peptides. Finally, the
remaining peptides are passed
through the MW model which
classifies ‘weak’ binding peptides.

The rest are automatically labelled as

Multiple Linear Regressions

Activation function (ReLU)

‘medium’ binding peptides. (See fig 10) We created multiple Directed Acyclic

Graphs using the property sets described earlier. (See Table 2)

4. Comparison with Shannon Entropic Analysis: The weightage parameters for models

created were screened to identify the properties with highest relative influence on any

individual position. In MLR, the weightage parameters correspond to the influence of the

feature vector on the predicted output. The thresholds were adjusted to identify the top

three properties in each of the models. These properties were then compared with the

properties identified from Shannon Entropic Analysis for cross-validation.

Center of
Abundance
Mass
outputs

Figure 10 Directed Acyclic Graphs. A hierarchy of three MLR
models wo consecutively filter out peptides with decreasing
predicted binding affinity towards MoS,

18



5. Recommender System: A simple system is used to determine the strongest binding
peptides. An iterative method is used to identify two or more the best performing amino
acids at each given position. This is done by keeping the amino acid residues at all the
other positions constant and iterating over only a single position at a time. This is
repeated for all the positions. Using these sets of amino acids, thousands of sequences can
be generated. This is only possible because the effects of neighbouring or local residues

are not considered.
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Results and Discussion:

1. Predictive modelling:

1.1.Model loss: The Directed Acyclic Graph models were tested against test peptide
datasets and the losses are shown in table 3. Even as fewer properties are used, the
loss increases only moderately suggesting a higher efficiency in the training of the
models. It must be noted that the average 24.5% increase in loss for 20 property
component DAG may be attributed to orthogonality. Unlike the previous ones, the
features for this dataset are independent. As the binding related phenomena may
only represented once in the dataset, it becomes easier for the model to be stuck in
local optima, making the 20 property component comparatively inaccurate for

COAM predictions.

Table 4 Loss of the Multiple Linear Regression models in the different Directed Acyclic

Graphs
Loss in SS Loss in SM Loss in MW
model model model
527 DAG 0.0141 0.0147 0.0147
292 DAG 0.0142 0.0147 0.0179
196 DAG 0.0147 0.0148 0.0147
111 DAG 0.0156 0.009 0.0162
20 DAG 0.0196 0.0169 0.0181

1.2.Class predictions: When tested for peptide classification, the Directed Acyclic
Graph display a high true positive rate for the unseen test datasets. The density of
strong and super binding peptides is increased to up to 12.36% in the predicted
peptides, as compared to 2.74% in the original dataset. Similarly, the density of
weak binding peptides is increased from 2.48% in the original dataset to up to

7.81% in the predictions.
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There are only 3 super binding peptides in the test dataset which hinders our
ability to test the classification of super binding peptides effectively. However,
two of the three peptides have been classified correctly in some of the models (one
peptide in four models and the other in one model), suggesting that the models are
able to learn some correlations between peptides in the training set. Despite the
higher information entropy in the eluate, this provides support for further
investigation into the correlations between super peptides.

1.3.Weightages for positions and properties: While the 20 property DAG performs
worse on the accuracy as compared to the others, it provides a much higher
potential for interpretability. The orthogonal nature of the property components
makes it possible to understand the influence of each phenomenon more
accurately.
The positions of importance are identified using the weightage parameter. Two of
the top three properties in the WM model were the same as the two of the top
three properties in the MS model. None of the top three properties for SS model
were found in the WM and MS models. This is consistent with the idea that the
peptides within the washes 1 to 3 display the same binding phenomenon, whereas
the peptides in the eluate pool are substantially different from the others.

2. Comparison with Shannon Entropic Analysis: The weightage parameters for models
created were screened to identify the properties with highest relative influence on any
individual position. In MLR, the weightage parameters correspond to the influence of the
feature vector on the predicted output as shown in fig 11. The thresholds were adjusted to
identify the top three properties in each of the models. These properties were then
compared with the properties identified from Shannon Entropic Analysis for cross-

validation. Top three property components displayed by the SS models and the MW
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models, and two out of the top three property components displayed by the SM models

showed relevance to the binding mechanism.

Influence of property-position - SS-model
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Figure 11 Influence of a property and a position on the COAM values based on SS
model

3. Recommender systems: Up to 12000 possible super binding peptides were generated
using the recommender systems. The peptides are not experimentally validated. Based on
the statistics from class predictions, it can be estimated that there may be more than 36
super binders and 344 strong binders in the set of generated peptides. It must be noted
that the current recommender systems do not take residue interactions into account. Thus,
the influence of any amino acid properties is strictly local and additive on the COAM

value.
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Chapter 5

Conclusion and Outlook:

We have developed a simple and efficient methodology to statistically identify the
phenomenon relevant to the binding behaviours of solid binding peptides, and to predictively
model the directed evolution for the selection of solid binding peptides using structural
property descriptors. Using the models, hundreds of super binding peptide candidates were
generated for binding with Molybdenum Disufide. The methodology can be used to design

peptides against practically any material.

The training dataset has 31 super binders as compared to about 150030 other peptides.
Similarly, the test dataset has only 3 super binders as compared to about 35656 other
peptides. This is a limited dataset and cannot be leveraged robustly to validate a generalized
MoS2 super binding peptide generator. However, the models were successfully able to
identify 2 out of the 3 super binders from the test dataset. These identifications present
evidence of possible generalisation of super binding trends. It enables us to look further into

the binding interactions of peptides in eluate despite the higher Shannon entropy in the pool.

The Multiple Linear Regression based Directed Acyclic Graph model offers a simplistic
approach to the COAM prediction. It does not allow for the accommodation of residue
interactions within the peptide, but only accounts to their hyper local effect on the position
they occupy. However, if used in tandem with techniques such as the Generalised Similarity
Metric [102] or a metric such as the co-evolvability [103], the models created can have much

higher strong and super binder prediction accuracy.
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Appendix A: Graphs of properties filtered for correlation to binding at each peptide

position.
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Appendix B: Tables of properties filtered for correlation to binding at each peptide

position.

Table B1 All the quantitative amino acid residue structural properties (Dataset available on

Github)
id Prop authors

0 | alpha-CH chemical shifts Andersen et al., 1992

2 | Signal sequence helical potential Argos et al., 1982

3 | Membrane-buried preference parameters Argos et al., 1982

4 | Conformational parameter of inner helix Beghin-Dirkx, 1975

5 | Conformational parameter of beta-structure Beghin-Dirkx, 1975

6 | Conformational parameter of beta-turn Beghin-Dirkx, 1975

Bhaskaran-Ponnuswamy,

7 | Average flexibility indices 1988

9 | Information value for accessibility; average fraction 35% Biou et al.,1988
10 | Information value for accessibility; average fraction 23% Biou et al.,1988
11 | Retention coefficient in TFA Browne et al., 1982
12 | Retention coefficient in HFBA Browne et al., 1982
13 | Transfer free energy to surface Bull-Breese, 1974
14 | Apparent partial specific volume Bull-Breese, 1974
15 | alpha-NH chemical shifts Bundi-Wuthrich, 1979
17 | Spin-spin coupling constants 3JHalpha-NH Bundi-Wuthrich, 1979
20 | Steric parameter Charton, 1981
21 | Polarizability parameter Charton-Charton, 1982
22 | Free energy of solution in water, kcal/mole Charton-Charton, 1982
23 | The Chou-Fasman parameter of the coil conformation Charton-Charton,1983

A parameter defined from the residuals obtained from the
best correlation of the Chou-Fasman parameter of beta-

24 | sheet Charton-Charton, 1983
25 | The number of atoms in the side chain labelled 1+1 Charton-Charton,1983
26 | The number of atoms in the side chain labelled 2+1 Charton-Charton,1983
27 | The number of atoms in the side chain labelled 3+1 Charton-Charton,1983
28 | The number of bonds in the longest chain Charton-Charton, 1983
29 | A parameter of charge transfer capability Charton-Charton, 1983
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30

A parameter of charge transfer donor capability

Charton-Charton, 1983

31

Average volume of buried residue

Chothia, 1975

32

Residue accessible surface area in tripeptide

Chothia, 1976

33

Residue accessible surface area in folded protein

Chothia, 1976

34

Proportion of residues 95% buried

Chothia, 1976

35

Proportion of residues 100% buried

Chothia, 1976

37

Normalized frequency of alpha-helix

Chou-Fasman, 1978b

38

Normalized frequency of beta-sheet

Chou-Fasman, 1978b

39

Normalized frequency of beta-turn

Chou-Fasman, 1978b

40

Normalized frequency of N-terminal helix

Chou-Fasman, 1978b

41

Normalized frequency of C-terminal helix

Chou-Fasman, 1978b

42

Normalized frequency of N-terminal non helical region

Chou-Fasman,1978b

43

Normalized frequency of C-terminal non helical region

Chou-Fasman,1978b

44

Normalized frequency of N-terminal beta-sheet

Chou-Fasman, 1978h

45

Normalized frequency of C-terminal beta-sheet

Chou-Fasman, 1978h

46

Normalized frequency of N-terminal non beta region

Chou-Fasman, 1978h

47

Normalized frequency of C-terminal non beta region

Chou-Fasman, 1978h

48

Frequency of the 1st residue in turn

Chou-Fasman, 1978h

49 | Frequency of the 2nd residue in turn Chou-Fasman, 1978b
50 | Frequency of the 3rd residue in turn Chou-Fasman, 1978b
51 | Frequency of the 4th residue in turn Chou-Fasman, 1978b
52 | Normalized frequency of the 2nd and 3rd residues in turn Chou-Fasman,1978b
53 | Normalized hydrophobicity scales for alpha-proteins Cid etal., 1992

54 | Normalized hydrophobicity scales for beta-proteins Cid etal., 1992

55 | Normalized hydrophobicity scales for alpha+beta-proteins | Cid et al., 1992

56 | Normalized hydrophobicity scales for alpha/beta-proteins | Cid et al., 1992

57 | Normalized average hydrophobicity scales Cidetal., 1992

58 | Partial specific volume Cohn-Edsall, 1943
59 | Normalized frequency of middle helix Crawford et al., 1973
61 | Normalized frequency of turn Crawford et al., 1973
62 | Size Dawson, 1972
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63

Amino acid composition

Dayhoff et al., 1978a

65

Membrane preference for cytochrome b: MPH89

Degli Esposti et al., 1990

66

Average membrane preference: AMPQ7

Degli Esposti et al., 1990

67

Consensus normalized hydrophobicity scale

Eisenberg, 1984

68

Solvation free energy

Eisenberg-McLachlan,
1986

69

Atom-based hydrophobic moment

Eisenberg-McLachlan,
1986

Eisenberg-McLachlan,

70 | Direction of hydrophobic moment 1986

71 | Molecular weight Fasman, 1976

72 | Melting point Fasman, 1976

73 | Optical rotation Fasman, 1976

74 | pK-N Fasman, 1976

75 | pK-C Fasman, 1976

76 | Hydrophobic parameter pi Fauchere-Pliska, 1983

77

Graph shape index

Fauchere et al., 1988

78

Smoothed upsilon steric parameter

Fauchere et al., 1988

79

Normalized van der Waals volume

Fauchere et al., 1988

80

STERIMOL length of the side chain

Fauchere et al., 1988

81 | STERIMOL minimum width of the side chain Fauchere et al., 1988
82 | STERIMOL maximum width of the side chain Fauchere et al., 1988
83 | N.m.r. chemical shift of alpha-carbon Fauchere et al., 1988
84 | Localized electrical effect Fauchere et al., 1988
85 | Number of hydrogen bond donors Fauchere et al., 1988
86 | Number of full nonbonding orbitals Fauchere et al., 1988
87 | Positive charge Fauchere et al., 1988
88 | Negative charge Fauchere et al., 1988
89 | pK-a RCOOH

91 | Helix initiation parameter at posision i-1 Finkelstein et al., 1991

92

Helix initiation parameter at posision i,i+1,i+2

Finkelstein et al., 1991

93

Helix termination parameter at posision j-2,j-1,j

Finkelstein et al.,1991

94

Helix termination parameter at posision j+1

Finkelstein et al., 1991

96

Alpha-helix indices

Geisow-Roberts, 1980
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97

Alpha-helix indices for alpha-proteins

Geisow-Roberts, 1980

98

Alpha-helix indices for beta-proteins

Geisow-Roberts, 1980

99 | Alpha-helix indices for alpha/beta-proteins Geisow-Roberts, 1980
100 | Beta-strand indices Geisow-Roberts, 1980
101 | Beta-strand indices for beta-proteins Geisow-Roberts, 1980
102 | Beta-strand indices for alpha/beta-proteins Geisow-Roberts, 1980
103 | Aperiodic indices Geisow-Roberts, 1980
104 | Aperiodic indices for alpha-proteins Geisow-Roberts, 1980
105 | Aperiodic indices for beta-proteins Geisow-Roberts, 1980
106 | Aperiodic indices for alpha/beta-proteins Geisow-Roberts, 1980

Goldsack-Chalifoux,
107 | Hydrophobicity factor 1973

Goldsack-Chalifoux,
108 | Residue volume 1973
109 | Composition Grantham, 1974
110 | Polarity Grantham, 1974
111 | Volume Grantham, 1974
112 | Partition energy Guy, 1985
113 | Hydration number , Cited by Charton-Charton Hopfinger, 1971
114 | Hydrophilicity value Hopp-Woods, 1981
115 | Heat capacity Hutchens, 1970
116 | Absolute entropy Hutchens, 1970
117 | Entropy of formation Hutchens, 1970
118 | Normalized relative frequency of alpha-helix Isogai et al., 1980
119 | Normalized relative frequency of extended structure Isogai et al., 1980
120 | Normalized relative frequency of bend Isogai et al., 1980
121 | Normalized relative frequency of bend R Isogai et al., 1980
122 | Normalized relative frequency of bend S Isogai et al., 1980
123 | Normalized relative frequency of helix end Isogai et al., 1980
124 | Normalized relative frequency of double bend Isogai et al., 1980
125 | Normalized relative frequency of coil Isogai et al., 1980
126 | Average accessible surface area Janinetal., 1978
127 | Percentage of buried residues Janinetal., 1978
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128 | Percentage of exposed residues Janinetal., 1978

129 | Ratio of buried and accessible molar fractions Janin, 1979

130 | Transfer free energy Janin, 1979

131 | Hydrophobicity Jones, 1975

132 | pK #NAME?
133 | Relative frequency of occurrence Jones et al., 1992

134 | Relative mutability Jones et al., 1992

135 | Amino acid distribution Jukes etal., 1975

136

Sequence frequency

Jungck, 1978

137

Average relative probability of helix

Kanehisa-Tsong, 1980

138

Average relative probability of beta-sheet

Kanehisa-Tsong, 1980

139 | Average relative probability of inner helix Kanehisa-Tsong, 1980
140 | Average relative probability of inner beta-sheet Kanehisa-Tsong, 1980
141 | Flexibility parameter for no rigid neighbors Karplus-Schulz, 1985
142 | Flexibility parameter for one rigid neighbor Karplus-Schulz, 1985
143 | Flexibility parameter for two rigid neighbors Karplus-Schulz, 1985
144 | The Kerr-constant increments Khanarian-Moore, 1980
145 | Net charge Klein et al., 1984

Krigbaum-Komoriya,
147 | Side chain interaction parameter 1979

Krigbaum-Komoriya,

148 | Fraction of site occupied by water 1979
Krigbaum-Komoriya,

149 | Side chain volume 1979

150 | Hydropathy index Kyte-Doolittle, 1982

151 | Transfer free energy, CHP/water Lawson et al., 1984

152 | Hydrophobic parameter Levitt, 1976

153 | Distance between C-alpha and centroid of side chain Levitt, 1976

154 | Side chain angle theta AAR

155 | Side chain torsion angle phi AAAR

156 | Radius of gyration of side chain Levitt, 1976

157 | van der Waals parameter RO Levitt, 1976

158 | van der Waals parameter epsilon Levitt, 1976

159 | Normalized frequency of alpha-helix, with weights Levitt, 1978
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160 | Normalized frequency of beta-sheet, with weights Levitt, 1978

161 | Normalized frequency of reverse turn, with weights Levitt, 1978

162 | Normalized frequency of alpha-helix, unweighted Levitt, 1978

163 | Normalized frequency of beta-sheet, unweighted Levitt, 1978

164 | Normalized frequency of reverse turn, unweighted Levitt, 1978

165 | Frequency of occurrence in beta-bends Lewisetal., 1971
166 | Conformational preference for all beta-strands Lifson-Sander, 1979

167

Conformational preference for parallel beta-strands

Lifson-Sander,1979

168

Conformational preference for antiparallel beta-strands

Lifson-Sander,1979

169

Average surrounding hydrophobicity

Manavalan-Ponnuswamy,
1978

172 | Normalized frequency of zeta R Maxfield-Scheraga, 1976
173 | Normalized frequency of left-handed alpha-helix Maxfield-Scheraga, 1976
174 | Normalized frequency of zeta L Maxfield-Scheraga, 1976
175 | Normalized frequency of alpha region Maxfield-Scheraga, 1976
176 | Refractivity , Cited by Jones McMeekin et al., 1964
177 | Retention coefficient in HPLC, pH7.4 Meek, 1980

178 | Retention coefficient in HPLC, pH2.1 Meek, 1980

179 | Retention coefficient in NaClO4 Meek-Rossetti, 1981

180 | Retention coefficient in NaH2PO4 Meek-Rossetti, 1981

181 | Average reduced distance for C-alpha Meirovitch et al., 1980

182 | Average reduced distance for side chain Meirovitch et al., 1980
183 | Average side chain orientation angle Meirovitch et al., 1980
184 | Effective partition energy Miyazawa-Jernigan, 1985
186 | Normalized frequency of bata-structure Nagano, 1973

188 | AA composition of total proteins Nakashima et al., 1990

189

SD of AA composition of total proteins

Nakashima et al., 1990

190 | AA composition of mt-proteins Nakashima et al., 1990
191 | Normalized composition of mt-proteins Nakashima et al., 1990
192 | AA composition of mt-proteins from animal Nakashima et al., 1990
193 | Normalized composition from animal Nakashima et al., 1990
194 | AA composition of mt-proteins from fungi and plant Nakashima et al., 1990
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195 | Normalized composition from fungi and plant Nakashima et al., 1990
196 | AA composition of membrane proteins Nakashima et al., 1990
197 | Normalized composition of membrane proteins Nakashima et al., 1990
198 | Transmembrane regions of non-mt-proteins Nakashima et al., 1990
199 | Transmembrane regions of mt-proteins Nakashima et al., 1990
200 | Ratio of average and computed composition Nakashima et al., 1990
Nakashima-
201 | AA composition of CYT of single-spanning proteins Nishikawa,1992
Nakashima-Nishikawa,
202 | AA composition of CYT2 of single-spanning proteins 1992
Nakashima-
203 | AA composition of EXT of single-spanning proteins Nishikawa,1992
Nakashima-Nishikawa,
204 | AA composition of EXT2 of single-spanning proteins 1992
Nakashima-
205 | AA composition of MEM of single-spanning proteins Nishikawa,1992
Nakashima-
206 | AA composition of CYT of multi-spanning proteins Nishikawa,1992
Nakashima-
207 | AA composition of EXT of multi-spanning proteins Nishikawa,1992
Nakashima-
208 | AA composition of MEM of multi-spanning proteins Nishikawa,1992
209 | 8 A contact number Nishikawa-Ooi, 1980
210 | 14 A contact number Nishikawa-Ooi, 1986
211 | Transfer energy, organic solvent/water Nozaki-Tanford, 1971
212 | Average non-bonded energy per atom Oobatake-Ooi, 1977
213 | Short and medium range non-bonded energy per atom Oobatake-Ooi, 1977
214 | Long range non-bonded energy per atom Oobatake-Ooi, 1977
215 | Average non-bonded energy per residue Oobatake-Ooi, 1977
216 | Short and medium range non-bonded energy per residue Oobatake-00i,1977
217 | Optimized beta-structure-coil equilibrium constant Oobatake et al.,1985
218 | Optimized propensity to form reverse turn Oobatake et al., 1985
219 | Optimized transfer energy parameter Oobatake et al., 1985
220 | Optimized average non-bonded energy per atom Oobatake et al., 1985
221 | Optimized side chain interaction parameter Oobatake et al., 1985
222 | Normalized frequency of alpha-helix from LG Palau et al., 1981
223 | Normalized frequency of alpha-helix from CF Palau et al., 1981
224 | Normalized frequency of beta-sheet from LG Palau et al., 1981
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225 | Normalized frequency of beta-sheet from CF Palau et al., 1981
226 | Normalized frequency of turn from LG Palau et al., 1981
227 | Normalized frequency of turn from CF Palau et al., 1981
228 | Normalized frequency of alpha-helix in all-alpha class Palau et al., 1981
229 | Normalized frequency of alpha-helix in alpha+beta class Palau et al., 1981
230 | Normalized frequency of alpha-helix in alpha/beta class Palau et al.,1981
231 | Normalized frequency of beta-sheet in all-beta class Palau et al.,1981
232 | Normalized frequency of beta-sheet in alpha+beta class Palau et al., 1981
233 | Normalized frequency of beta-sheet in alpha/beta class Palau et al., 1981
234 | Normalized frequency of turn in all-alpha class Palau et al., 1981
235 | Normalized frequency of turn in all-beta class Palau et al., 1981
236 | Normalized frequency of turn in alpha+beta class Palau et al., 1981
237 | Normalized frequency of turn in alpha/beta class Palau et al., 1981
238 | HPLC parameter Parker et al., 1986
239 | Partition coefficient Pliska et al., 1981
240 | Surrounding hydrophobicity in folded form Ponnuswamy et al., 1980

241

Average gain in surrounding hydrophobicity

Ponnuswamy et al., 1980

242

Average gain ratio in surrounding hydrophobicity

Ponnuswamy et al.,1980

243

Surrounding hydrophobicity in alpha-helix

Ponnuswamy et al., 1980

244

Surrounding hydrophobicity in beta-sheet

Ponnuswamy et al., 1980

245

Surrounding hydrophobicity in turn

Ponnuswamy et al., 1980

246

Accessibility reduction ratio

Ponnuswamy et al., 1980

247

Average number of surrounding residues

Ponnuswamy et al., 1980

Prabhakaran-

248 | Intercept in regression analysis Ponnuswamy, 1982
Prabhakaran-

249 | Slope in regression analysis x 1.0E1 Ponnuswamy, 1982
Prabhakaran-

250 | Correlation coefficient in regression analysis Ponnuswamy,1982

251 | Hydrophobicity Prabhakaran, 1990

252 | Relative frequency in alpha-helix Prabhakaran, 1990

253 | Relative frequency in beta-sheet Prabhakaran, 1990

254 | Relative frequency in reverse-turn Prabhakaran, 1990

255 | Helix-coil equilibrium constant Ptitsyn-Finkelstein, 1983
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256 | Beta-coil equilibrium constant Ptitsyn-Finkelstein, 1983
257 | Weights for alpha-helix at the window position of -6 Qian-Sejnowski, 1988
258 | Weights for alpha-helix at the window position of -5 Qian-Sejnowski, 1988
259 | Weights for alpha-helix at the window position of -4 Qian-Sejnowski, 1988
260 | Weights for alpha-helix at the window position of -3 Qian-Sejnowski, 1988
261 | Weights for alpha-helix at the window position of -2 Qian-Sejnowski, 1988
262 | Weights for alpha-helix at the window position of -1 Qian-Sejnowski, 1988
263 | Weights for alpha-helix at the window position of 0 Qian-Sejnowski,1988
264 | Weights for alpha-helix at the window position of 1 Qian-Sejnowski,1988
265 | Weights for alpha-helix at the window position of 2 Qian-Sejnowski,1988
266 | Weights for alpha-helix at the window position of 3 Qian-Sejnowski,1988
267 | Weights for alpha-helix at the window position of 4 Qian-Sejnowski,1988
268 | Weights for alpha-helix at the window position of 5 Qian-Sejnowski, 1988
269 | Weights for alpha-helix at the window position of 6 Qian-Sejnowski, 1988
270 | Weights for beta-sheet at the window position of -6 Qian-Sejnowski,1988
271 | Weights for beta-sheet at the window position of -5 Qian-Sejnowski,1988
272 | Weights for beta-sheet at the window position of -4 Qian-Sejnowski,1988
273 | Weights for beta-sheet at the window position of -3 Qian-Sejnowski,1988
274 | Weights for beta-sheet at the window position of -2 Qian-Sejnowski, 1988
275 | Weights for beta-sheet at the window position of -1 Qian-Sejnowski, 1988
276 | Weights for beta-sheet at the window position of 0 Qian-Sejnowski, 1988
277 | Weights for beta-sheet at the window position of 1 Qian-Sejnowski,1988
278 | Weights for beta-sheet at the window position of 2 Qian-Sejnowski,1988
279 | Weights for beta-sheet at the window position of 3 Qian-Sejnowski,1988
280 | Weights for beta-sheet at the window position of 4 Qian-Sejnowski,1988
281 | Weights for beta-sheet at the window position of 5 Qian-Sejnowski,1988
282 | Weights for beta-sheet at the window position of 6 Qian-Sejnowski,1988
283 | Weights for coil at the window position of -6 Qian-Sejnowski, 1988
284 | Weights for coil at the window position of -5 Qian-Sejnowski, 1988
285 | Weights for coil at the window position of -4 Qian-Sejnowski, 1988
286 | Weights for coil at the window position of -3 Qian-Sejnowski, 1988
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287

Weights for coil at the window position of -2

Qian-Sejnowski, 1988

288

Weights for coil at the window position of -1

Qian-Sejnowski, 1988

289

Weights for coil at the window position of 0

Qian-Sejnowski, 1988

290

Weights for coil at the window position of 1

Qian-Sejnowski, 1988

291

Weights for coil at the window position of 2

Qian-Sejnowski, 1988

292

Weights for coil at the window position of 3

Qian-Sejnowski, 1988

293

Weights for coil at the window position of 4

Qian-Sejnowski, 1988

294

Weights for coil at the window position of 5

Qian-Sejnowski, 1988

295

Weights for coil at the window position of 6

Qian-Sejnowski, 1988

298

Side chain orientational preference

Rackovsky-Scheraga,
1977

299

Average relative fractional occurrence in AO

300

Average relative fractional occurrence in AR

301

Average relative fractional occurrence in AL

302 | Average relative fractional occurrence in EL i
303 | Average relative fractional occurrence in EQ i
304 | Average relative fractional occurrence in ER i
305 | Average relative fractional occurrence in AQ i-1
306 | Average relative fractional occurrence in AR i-1
307 | Average relative fractional occurrence in AL i-1
308 | Average relative fractional occurrence in EL i-1
309 | Average relative fractional occurrence in EQ i-1
310 | Average relative fractional occurrence in ER i-1
311 | Value of theta i
312 | Value of theta i-1

313

Transfer free energy from chx to wat

Radzicka-Wolfenden,
1988

314

Transfer free energy from oct to wat

Radzicka-Wolfenden,
1988

315

Transfer free energy from vap to chx

Radzicka-Wolfenden,
1988

316

Transfer free energy from chx to oct

Radzicka-Wolfenden,
1988

317

Transfer free energy from vap to oct

Radzicka-Wolfenden,
1988

318

Accessible surface area

Radzicka-Wolfenden,
1988
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319 | Energy transfer from out to in 95%buried
Radzicka-Wolfenden,
320 | Mean polarity 1988
Richardson-Richardson,
321 | Relative preference value at N" 1988
Richardson-Richardson,
322 | Relative preference value at N' 1988
Richardson-Richardson,
323 | Relative preference value at N-cap 1988
Richardson-Richardson,
324 | Relative preference value at N1 1988
Richardson-Richardson,
325 | Relative preference value at N2 1988
Richardson-Richardson,
326 | Relative preference value at N3 1988
Richardson-Richardson,
327 | Relative preference value at N4 1988
Richardson-Richardson,
328 | Relative preference value at N5 1988
Richardson-Richardson,
329 | Relative preference value at Mid 1988
Richardson-Richardson,
330 | Relative preference value at C5 1988
Richardson-Richardson,
331 | Relative preference value at C4 1988
Richardson-Richardson,
332 | Relative preference value at C3 1988
Richardson-Richardson,
333 | Relative preference value at C2 1988
Richardson-Richardson,
334 | Relative preference value at C1 1988
Richardson-Richardson,
335 | Relative preference value at C-cap 1988
Richardson-Richardson,
336 | Relative preference value at C' 1988
Richardson-Richardson,
337 | Relative preference value at C" 1988
338 | Information measure for alpha-helix Robson-Suzuki, 1976
339 | Information measure for N-terminal helix Robson-Suzuki, 1976
340 | Information measure for middle helix Robson-Suzuki, 1976
341 | Information measure for C-terminal helix Robson-Suzuki, 1976
342 | Information measure for extended Robson-Suzuki, 1976
343 | Information measure for pleated-sheet Robson-Suzuki, 1976
344 | Information measure for extended without H-bond Robson-Suzuki, 1976
345 | Information measure for turn Robson-Suzuki, 1976
346 | Information measure for N-terminal turn Robson-Suzuki, 1976
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347 | Information measure for middle turn Robson-Suzuki, 1976

348 | Information measure for C-terminal turn Robson-Suzuki, 1976

349 | Information measure for coil Robson-Suzuki, 1976

350 | Information measure for loop Robson-Suzuki, 1976
Robson-Osguthorpe,

351 | Hydration free energy 1979

352 | Mean area buried on transfer Rose et al., 1985

353 | Mean fractional area loss Rose et al., 1985

354 | Side chain hydropathy, uncorrected for solvation Roseman, 1988

355 | Side chain hydropathy, corrected for solvation Roseman, 1988

356 | Loss of Side chain hydropathy by helix formation Roseman, 1988

357 | Transfer free energy , Cited by Charton-Charton Simon, 1976

358 | Principal component | Sneath, 1966

359 | Principal component Il Sneath, 1966

360 | Principal component |11 Sneath, 1966

361 | Principal component IV Sneath, 1966

362 | Zimm-Bragg parameter s at 20 C Sueki et al., 1984

363 | Zimm-Bragg parameter sigma x 1.0E4 Sueki et al., 1984

364 | Optimal matching hydrophobicity Sweet-Eisenberg, 1983

366 | Normalized frequency of isolated helix Tanaka-Scheraga, 1977

367 | Normalized frequency of extended structure Tanaka-Scheraga, 1977

368 | Normalized frequency of chain reversal R Tanaka-Scheraga, 1977

369 | Normalized frequency of chain reversal S Tanaka-Scheraga, 1977

370 | Normalized frequency of chain reversal D Tanaka-Scheraga, 1977

371 | Normalized frequency of left-handed helix Tanaka-Scheraga, 1977

373 | Normalized frequency of coil Tanaka-Scheraga, 1977

374 | Normalized frequency of chain reversal Tanaka-Scheraga, 1977

375 | Relative population of conformational state A Vasquez et al., 1983

376 | Relative population of conformational state C Vasquez et al., 1983

377 | Relative population of conformational state E Vasquez et al., 1983

378 | Electron-ion interaction potential Veljkovic et al., 1985

379 | Bitterness Venanzi, 1984
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von Heijne-Blomberg,

380 | Transfer free energy to lipophilic phase 1979

381 | Average interactions per side chain atom Warme-Morgan, 1978

382 | RF value in high salt chromatography Weber-Lacey, 1978

383 | Propensity to be buried inside Wertz-Scheraga, 1978

384 | Free energy change of epsilon to epsilon i

385 | Free energy change of alpha to alpha Ri

386 | Free energy change of epsilon to alpha i

387 | Polar requirement Woese, 1973

388 | Hydration potential Wolfenden et al., 1981

389 | Principal property value z1 Wold et al., 1987

390 | Principal property value z2 Wold et al., 1987

391 | Principal property value z3 Wold et al., 1987

392 | Unfolding Gibbs energy in water, pH7.0 Yutani et al., 1987

393 | Unfolding Gibbs energy in water, pH9.0 Yutani et al., 1987

394 | Activation Gibbs energy of unfolding, pH7.0 Yutani et al., 1987

395 | Activation Gibbs energy of unfolding, pH9.0 Yutani et al., 1987

396 | Dependence of partition coefficient on ionic strength Zaslavsky etal., 1982

398 | Bulkiness Zimmerman et al., 1968

400 | Isoelectric point Zimmerman et al., 1968

401 | RF rank Zimmerman et al., 1968
Normalized positional residue frequency at helix termini

402 | N4' Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

404 | N" Aurora-Rose, 1998

405 | Normalized positional residue frequency at helix termini N' | Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

406 | Nc Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

407 | N1 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

408 | N2 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

409 | N3 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

410 | N4 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

411 | N5 Aurora-Rose, 1998

51



Normalized positional residue frequency at helix termini

412 | C5 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

413 | C4 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

414 | C3 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

415 | C2 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

416 | C1 Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

417 | Cc Aurora-Rose, 1998

418 | Normalized positional residue frequency at helix termini C' | Aurora-Rose, 1998
Normalized positional residue frequency at helix termini

419 | C" Aurora-Rose, 1998

422 | Delta G values for the peptides extrapolated to 0 M urea O'Neil-DeGrado, 1990

423 | Helix formation parameters delta delta G

424 | Normalized flexibility parameters , average B-values
Normalized flexibility parameters for each residue

425 | surrounded by none rigid neighbours B-values
Normalized flexibility parameters for each residue

426 | surrounded by one rigid neighbours B-values
Normalized flexibility parameters for each residue

427 | surrounded by two rigid neighbours B-values

428 | Free energy in alpha-helical conformation Munoz-Serrano, 1994

429 | Free energy in alpha-helical region Munoz-Serrano, 1994

430 | Free energy in beta-strand conformation Munoz-Serrano, 1994

431 | Free energy in beta-strand region Munoz-Serrano, 1994
Free energies of transfer of AcWI-X-LL peptides from

433 | bilayer interfaceto water Wimley-White, 1996

434

Thermodynamic beta sheet propensity

Kim-Berg, 1993

435

Turn propensity scale for transmembrane helices

Monne et al., 1999

436

Alpha helix propensity of position 44 in T4 lysozyme

Blaber et al.,1993

437

p-Values of mesophilic proteins based on the distributions
of B values

Parthasarathy-Murthy,
2000

438

p-Values of thermophilic proteins based on the
distributions of B values

Parthasarathy-Murthy,
2000

Distribution of amino acid residues in the 18 non-

439 | redundant familiesofthermophilic proteins Kumar et al., 2000
Distribution of amino acid residues in the 18 non-
440 | redundant familiesofmesophilic proteins Kumar et al., 2000

441

Distribution of amino acid residues in the alpha-helices in
thermophilic proteins

Kumar et al., 2000

442

Distribution of amino acid residues in the alpha-helices in
mesophilicproteins

Kumar et al., 2000
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443 | Side-chain contribution to protein stability kJ/mol
Fodje-Al-Karadaghi,
444 | Propensity of amino acids within pi-helices 2002
Hydropathy scale based on self-information values in the
445 | two-state model 5% accessibility
Hydropathy scale based on self-information values in the
446 | two-state model 9% accessibility
Hydropathy scale based on self-information values in the
447 | two-state model 16% accessibility
Hydropathy scale based on self-information values in the
448 | two-state model 20% accessibility
Hydropathy scale based on self-information values in the
449 | two-state model 25% accessibility
Hydropathy scale based on self-information values in the
450 | two-state model 36% accessibility
Hydropathy scale based on self-information values in the
451 | two-state model 50% accessibility
452 | Averaged turn propensities in a transmembrane helix Monne et al., 1999
453 | Alpha-helix propensity derived from designed sequences Koehl-Levitt, 1999
454 | Beta-sheet propensity derived from designed sequences Koehl-Levitt,1999
455 | Composition of amino acids in extracellular proteins percent
456 | Composition of amino acids in anchored proteins percent
457 | Composition of amino acids in membrane proteins percent
458 | Composition of amino acids in intracellular proteins percent
459 | Composition of amino acids in nuclear proteins percent
Surface composition of amino acids in intracellular
460 | proteins of thermophiles percent
Surface composition of amino acids in intracellular
461 | proteins of mesophiles percent
Surface composition of amino acids in extracellular
462 | proteins of mesophiles percent
463 | Surface composition of amino acids in nuclear proteins percent
Interior composition of amino acids in intracellular
464 | proteins of thermophiles percent
Interior composition of amino acids in intracellular
465 | proteins of mesophiles percent
Interior composition of amino acids in extracellular
466 | proteins of mesophiles percent
467 | Interior composition of amino acids in nuclear proteins percent
Entire chain composition of amino acids in intracellular
468 | proteins ofthermophiles percent
Entire chain composition of amino acids in intracellular
469 | proteins ofmesophiles percent
Entire chain composition of amino acids in extracellular
470 | proteins ofmesophiles percent
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471

Entire chain compositino of amino acids in nuclear
proteins

percent

482

Amphiphilicity index

Mitaku et al., 2002

483

Volumes including the crystallographic waters using the
ProtOr

Tsaietal., 1999

Volumes not including the crystallographic waters using

484 | the ProtOr Tsai et al., 1999

485 | Electron-ion interaction potential values Cosic, 1994

486 | Hydrophobicity scales Ponnuswamy, 1993
Hydrophobicity coefficient in RP-HPLC, C18 with

487 | 0.1%TFA/MeCN/H20 Wilceet al. 1995

488

Hydrophobicity coefficient in RP-HPLC, C8 with
0.1%TFA/MeCN/H20

Wilceet al. 1995

489

Hydrophobicity coefficient in RP-HPLC, C4 with
0.1%TFA/MeCN/H20

Wilceet al. 1995

Hydrophobicity coefficient in RP-HPLC, C18 with

490 | 0.1%TFA/2-PrOH/MeCN/H20 Wilce et al. 1995

491 | Hydrophilicity scale Kuhn et al., 1995

492 | Retention coefficient at pH 2 Guo et al., 1986

493 | Modified Kyte-Doolittle hydrophobicity scale Juretic et al., 1998

494 | Interactivity scale obtained from the contact matrix Bastolla et al.,2005
Interactivity scale obtained by maximizing the mean of

495 | correlationcoefficient over single-domain globular proteins | Bastolla et al., 2005

Interactivity scale obtained by maximizing the mean of
correlationcoefficient over pairs of sequences sharing the

496 | TIM barrel fold Bastolla et al., 2005

497 | Linker propensity index Suyama-Ohara, 2003
Knowledge-based membrane-propensity scale from

498 | 1D Helix in MPtopo databases Punta-Maritan, 2003

499

Knowledge-based membrane-propensity scale from
3D _Helix in MPtopo databases

Punta-Maritan, 2003

500 | Linker propensity from all dataset George-Heringa, 2003
501 | Linker propensity from 1-linker dataset George-Heringa, 2003
502 | Linker propensity from 2-linker dataset George-Heringa, 2003
503 | Linker propensity from 3-linker dataset George-Heringa, 2003
linker length is less than
504 | Linker propensity from small dataset sixresidues
linker length is between
505 | Linker propensity from medium dataset sixand14 residues
linker length is greater
506 | Linker propensity from long dataset than 14residues
507 | Linker propensity from helical dataset annotated by DSSP
508 | Linker propensity from non-helical dataset annotated by DSSP
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The stability scale from the knowledge-based atom-atom
509 | potential Zhou-Zhou, 2004
The relative stability scale extracted from mutation
510 | experiments Zhou-Zhou, 2004
511 | Buriability Zhou-Zhou, 2004
512 | Linker index Bae et al., 2005
513 | Mean volumes of residues buried in protein interiors Harpaz et al., 1994
514 | Average volumes of residues Pontius et al., 1996
515 | Hydrostatic pressure asymmetry index, PAI Di Giulio, 2005
517 | Average internal preferences Olsen, 1980
518 | Hydrophobicity-related index Kidera et al., 1985
Apparent partition energies calculated from Wertz-
519 | Scheraga index Guy,1985
521 | Apparent partition energies calculated from Janin index Guy, 1985
522 | Apparent partition energies calculated from Chothia index | Guy, 1985
525 | Weights from the IFH scale Jacobs-White, 1989
526 | Hydrophobicity index, 3.0 pH Cowan-Whittaker, 1990
527 | Scaled side chain hydrophobicity values Black-Mould, 1991
528 | Hydrophobicity scale from native protein structures Casari-Sippl, 1992
529 | NNEIG index Cornette et al., 1987
530 | SWEIG index Cornette et al., 1987
531 | PRIFT index Cornette et al., 1987
532 | PRILS index Cornette et al., 1987
533 | ALTFT index Cornette et al., 1987
534 | ALTLS index Cornette et al., 1987
535 | TOTFT index Cornette et al., 1987
536 | TOTLS index Cornette et al., 1987
Relative partition energies derived by the Bethe
537 | approximation Miyazawa-Jernigan, 1999
538 | Optimized relative partition energies - method A Miyazawa-Jernigan,1999
539 | Optimized relative partition energies - method B Miyazawa-Jernigan,1999
540 | Optimized relative partition energies - method C Miyazawa-Jernigan,1999
541 | Optimized relative partition energies - method D Miyazawa-Jernigan,1999
543 | Hydrophobicity index Fasman, 1989




544 | Number of vertices order of the graph
545 | Number of edges size of the graph
obtained by adding all the
546 | Total weighted degree of the graph weightsof all the vertices
547 | Weighted domination number Karkbara-Knisley, 2016
548 | Average eccentricity Karkbara-Knisley, 2016
549 | Radius minimum eccentricity
550 | Diameter maximum eccentricity
total degree, divided by
551 | Average weighted degree the number of vertices
Maximum eigenvalue of the weighted Laplacian matrix of
552 | the graph Karkbara-Knisley, 2016
Minimum eigenvalue of the weighted Laplacian matrix of
553 | the graph Karkbara-Knisley, 2016
Average eigenvalue of the Laplacian matrix of the the
554 | graph Karkbara-Knisley, 2016
Second smallest eigenvalue of the Laplacian matrix of the
555 | graph Karkbara-Knisley, 2016
556 | Weighted domination number using the atomic number Karkbara-Knisley, 2016
Average weighted eccentricity based on the the atomic
557 | number Karkbara-Knisley, 2016
558 | Weighted radius based on the atomic number minimum eccentricity
559 | Weighted diameter based on the atomic number maximum eccentricity
obtained by summing all
theatomic number of each
of the vertices in the
560 | Total weighted atomic number of the graph graph
Average weighted atomic number or degree based on
561 | atomic number in thegraph Karkbara-Knisley, 2016
Weighted maximum eigenvalue based on the atomic
562 | numbers Karkbara-Knisley, 2016
Weighted minimum eigenvalue based on the atomic
563 | numbers Karkbara-Knisley, 2016
564 | Weighted average eigenvalue based on the atomic numbers | Karkbara-Knisley, 2016
Weighted second smallest eigenvalue of the weighted
565 | Laplacian matrix Karkbara-Knisley, 2016
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Position

Property Indices

1

2,9, 11, 29, 30, 36, 42, 54, 60, 67, 69, 70, 83, 103, 104, 114, 135, 145, 146, 252,
260, 263, 273, 281, 284, 344, 348, 351, 501

2

6, 9, 10, 11, 28, 30, 34, 35, 37, 42, 57, 63, 69, 70, 76, 83, 89, 97, 103, 104, 107,
109, 120, 121, 132, 135, 137, 140, 143, 145, 146, 147, 148, 157, 196, 252, 262,
263, 264, 266, 267, 268, 272, 274, 275, 285, 288, 291, 313, 344, 345, 348, 349,
351, 352, 357, 380, 428, 439, 449, 454, 463, 489, 501, 515

28, 30, 37, 42, 44, 54, 66, 69, 70, 83, 89, 97, 103, 104, 107, 112, 114, 120, 121
135, 136, 137, 140, 142, 145, 146, 147, 148, 157, 188, 198, 199, 238, 252, 255,
256, 257, 258, 259, 262, 263, 275, 280, 282, 283, 288, 343, 345, 348, 349, 351,
352, 374, 400, 439, 464

3,72,74,77,128, 149, 178, 196, 198, 251, 252, 253, 255, 262, 265, 272, 273,
274, 275, 286, 289, 313, 315, 370, 379, 384, 428, 454, 501

9, 10, 11, 25, 29, 44, 48, 59, 65, 71, 72, 73, 74, 84, 85, 86, 91, 92, 93, 94, 105,

111, 124, 128, 129, 130, 131, 132, 134, 149, 155, 156, 168, 173, 174, 180, 182,
183, 186, 188, 189, 198, 222, 238, 250, 257, 258, 262, 263, 267, 275, 280, 282,
283, 289, 318, 334, 341, 343, 344, 345, 350, 351, 352, 407, 456, 457, 458, 470

3,28, 42, 44, 59, 66, 69, 76, 78, 85, 86, 92, 93, 94, 103, 121, 126, 129, 132, 143,
145, 147, 155, 156, 173, 178, 197, 199, 238, 251, 255, 256, 258, 259, 262, 263,
264, 267, 275, 280, 282, 283, 288, 290, 315, 318, 350, 351, 352, 354, 374, 399,
400, 428, 439, 454, 456

2,6, 30, 33, 37, 46, 76, 80, 97, 112, 114, 142, 143, 147, 148, 174, 196, 200, 250,
252, 258, 259, 262, 265, 267, 268, 269, 274, 284, 288, 289, 318, 343, 345, 348,
354, 357, 411, 525

3,9, 10, 11, 36, 42, 44, 47, 54, 55, 58, 69, 70, 71, 77, 78, 83, 91, 103, 104, 107,
110, 121, 130, 131, 132, 136, 137, 140, 155, 157, 168, 180, 183, 188, 238, 254,
257, 267, 271, 272, 282, 286, 288, 289, 344, 345, 350, 352, 380, 411, 412, 446,
463

3,9, 10,12, 41, 55,58, 71, 72,73, 74, 76, 77, 110, 111, 124, 125, 126, 128, 149,
168, 178, 196, 200, 251, 262, 263, 265, 266, 272, 273, 275, 289, 290, 313, 314,
315, 344, 351, 352, 379, 515, 525

10

2,9,11, 28,58, 71, 72,73, 74,77, 79, 84, 90, 92, 105, 111, 124, 125, 129, 130,
149, 156, 168, 174, 182, 186, 188, 198, 200, 250, 252, 254, 255, 256, 258, 259,
262, 267, 268, 269, 275, 280, 287, 288, 289, 290, 315, 318, 343, 344, 345, 354,
357, 370, 379, 392, 439, 525

11

6, 28, 30, 33, 34, 35, 36, 37, 42, 57, 63, 69, 70, 83, 89, 97, 103, 104, 107, 108,
109, 120, 121, 135, 136, 137, 140, 145, 146, 157, 178, 196, 198, 252, 253, 255,
256, 259, 262, 265, 280, 282, 283, 343, 345, 348, 349, 350, 357, 442, 501

12

3, 6, 29, 30, 34, 35, 36, 42, 57, 60, 66, 67, 69, 70, 83, 97, 103, 104, 106, 107,
108, 109, 135, 137, 140, 145, 157, 178, 181, 198, 199, 207, 218, 251, 255, 256,
282, 313, 343, 345, 348, 349, 357, 380, 397, 442, 447, 448, 454, 455, 464, 465,
472, 491

All

42,69, 83, 97, 103, 198, 262, 282, 345, 348, 349, 351, 357
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Appendix C: Peptide classifications

Table 1 DAG with 527 properties

Total (16569) Super (3) Strong (451) Weak (412) Medium
(15703)
Predicted 1 True positive | 8 False positive | 13 False 274 False
Super (296) positive positive
Predicted 0 False positive | 143 True 6 False positive | 782 False
Strong (931) positive positive
Predicted 0 False positive | 2 False positive | 26 True positive | 318 False
Weak (346) positive
Predicted 2 False positive | 298 False 367 False 14329 True
Medium positive positive positive
(14996)
Table 2 DAG with 292 unique properties
Total (16569) Super (3) Strong (451) Weak (412) Medium
(15703)
Predicted 1 True positive | 9 False positive | 13 False 293 False
Super (316) positive positive
Predicted 0 False positive | 136 True 5 False positive | 723 False
Strong (864) positive positive
Predicted 0 False positive | 21 False 85 True positive | 1080 False
Weak (1166) positive positive
Predicted 2 False positive | 285 False 309 False 13627 True
Medium positive positive positive
(14223)

Table 3 DAG with 196 Shannon Entropy validated properties

Total (16569) Super (3) Strong (451) Weak (412) Medium

(15703)
Predicted 1 True positive | 9 False positive | 16 False 239 False
Super (265) positive positive
Predicted 0 False positive | 135 True 5 False positive | 740 False
Strong (880) positive positive
Predicted 0 False positive | 24 False 36 True positive | 401 False
Weak (461) positive positive
Predicted 2 False positive | 283 False 355 False 14324 True
Medium positive positive positive
(14963)
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Table 4 DAG with 20 Principle components of the 527 properties

Total (16569) Super (3) Strong (451) Weak (412) Medium

(15703)
Predicted 1 True positive | 14 False 23 False 571 False
Super (609) positive positive positive
Predicted 0 False positive | 111 True 9 False positive | 828 False
Strong (948) positive positive
Predicted 0 False positive | 18 False 83 True positive | 1011 False
Weak (1112) positive positive
Predicted 2 False positive | 308 False 297 False 13293 True
Medium positive positive positive
(13900)
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Appendix D: Influence of position and property component as per the 20 property

component models

Influence of property-position - SS-model
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Property components

19181716 151413121110 9 8 7 6 5 4 3 2 1

0

Influence of property-position - MW-model

Positions

- 0.04

- 0.02

- 0.00

-0.02

-0.04

- -0.06
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Appendix E: Some of the super binder candidates generated (out of 12000 +)

Peptide predictions COAM

WPFDLRIKWEGF 1.236025
WPFDLRIKWEGL 1.22878

WPFDLRIKWEIF 1.201815
WPFDLRIKWEIL 1.19457

WPFDLRIKWDGF 1.228828
WPFDLRIKWDGL 1.221582
WPFDLRIKWDIF 1.194618
WPFDLRIKWDIL 1.187372
WPFDLRIKLEGF 1.199591
WPFDLRIKLEGL 1.192346
WPFDLRIKLEIF 1.165382
WPFDLRIKLEIL 1.158136
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