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Chapter 1

Introduction

With the increasing amount of known protein structures, interest in their
functions grows too. Proteins are involved in cell division, organization, devel-
opment, and differentiation, but also in genome rearrangement, signal cascades,
and gene regulations. The functions of proteins depend on their ability to bind
other molecules. The binding interactions range from covalent bonds, through hy-
drogen bonds, to electrostatic interaction. Studies typically concentrate research
on one type of protein interactions and their predictions, such as protein-ligand,
protein-RNA, protein-protein, or protein-DNA. In this thesis we focus on DNA
and their interactions with proteins.

Predictions of protein-DNA interactions can accelerate research of proteins
with unknown functions, or clarify their binding properties and involved binding
residues. Available tools have visible results in predicting protein-DNA interac-
tions, but they still have room for improvement. Interactions examined in detail
brought new knowledge and mechanisms that can improve the prediction ability
of existing or newly created tools [1, 2, 3, 4]. A significant amount of available
tools use only a protein sequence as a resource needed for prediction. Other
methods use sequence information together with structure information or only
structure information itself. All methods use several approaches to distinguish
binding and non-binding residues/atoms, such as machine learning, linear scoring,
or other statistical functions.

The similarity of binding sites between DNA and ligands lies in physicochem-
ical properties participating in almost all molecular interactions. This lead us
to think about adapting the existing machine learning tool P2Rank to predict
DNA-binding sites on the protein surface. P2Rank predicts ligand-binding sites
on protein surface using Random Forest classification and protein properties de-
scribed as features.

In the next sections, we describe the key molecular players participating in
protein-DNA interactions. Then, we introduce existing template-free prediction
methods, which use machine learning algorithms. These methods guide us in
choosing features for P2Rank. From all features, electrostatic potential has the
most impact on predictions, and therefore we pick it as a new feature for P2Rank
together with a dipole moment of proteins.
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Chapter 2

DNA, proteins, and their
interactions

DNA-binding sites include interactions between two macromolecules essential
for all living organisms. Proteins have various forms and functions. DNA stores
the information for cells, including protein forms and functions.

In order to predict DNA-binding sites, we need to get familiar with both the
macromoleculer players, DNA section 2.1, and proteins section 2.2. Analysis of
experimentally examined protein-DNA interactions section 2.3 brought several
principles that demonstrate recognition, association, and disassembly of protein
DNA interactions in biological conditions.

2.1 DNA

A molecule of DNA carries genetic information encoded in its nucleotides
sequence. The exact order of nucleotides determines stored information.

DNA keeps two complementary chains of a nucleotide sequence with the same
information, forming double helix DNA. Even a small change in the nucleotide
sequence or nucleotide modifications may cause changes in the entire double he-
lix. Furthermore, nucleotides composition itself is necessary knowledge for the
identification and prediction of proteins-DNA interactions.

Even a small change in the nucleotide sequence or nucleotide modifications
may cause changes in the entire double helix [5].Furthermore, nucleotides com-
position itself is necessary knowledge for the identification and prediction of
proteins-DNA interactions.

Basic units of DNA are 2-deoxyribonucleotides composed of a five-carbon
sugar 2-deoxyribose, a phosphate group, and a nitrogen base. A single chain of
the nucleotide sequence arises in the process of DNA synthesis. During synthesis,
new nucleotide connects with a phosphate group on a carbon C5 to a carbon C3 of
already incorporated ribose and thus creates a phosphodiester bond. Phosphates
groups and sugars form a backbone of a double helix located outside of the DNA
molecule. The inner part of a DNA molecule consists of complementary nitrogen
bases connected to a carbon C1 of ribose by N-glycosidic bond [6, 7].

Two complement single chains create a DNA double helix. Double helix
can adopt several conformations based on water activity, surrounding ions, and
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Figure 2.1: The figure shows the base units (nucleotides) of DNA: thymine, ade-
nine, guanine, and cytosine. On the right is part of the B-DNA molecule, and
under them is a representation of standard Watson-Crick complementary base
pairing.

present proteins [8]. The characteristic form of DNA double helix is B-DNA.
B-DNA typically occurs in physiobiological conditions.

Ribose, a nitrogenous base, and their bond have specific properties for dif-
ferent types of DNA double helix forms. Ribose has a carbon C2 above a sugar
pentose plain that creates a spatial arrangement called C2-endo conformation.
Connected base on ribose form torsion angle of N-glycosidic bond depending on
base orientation. For B-DNA, it is usually anti orientation. DNA can transit its
structural conformation with changes in humidity or ions concentrations. That
leads to rotation of the bases around N-glycosidic bond, changes in sugar spatial
arrangement, but also in a shift of base pairing complementarity. All of the men-
tioned properties affect the state of a DNA molecule and its other interactions.

A molecule of DNA should provide the same information through the entire
cell cycle. That is partially accomplished by a DNA double helix stabilization
and by packing the DNA double helix into chromosomes [9]. Hydrogen bonds
between adjacent bases, hydrogen bonds between complementary bases and hy-
drogen bonds with surrounding water molecules assist in the stabilization of DNA
double helix. On the next level, proteins interacting with the DNA double helix
assist in stabilizing the packaged chromosomes.

Proteins do not serve only for DNA stabilization, but their interaction with
DNA provides various functions for a cell cycle. The next sections (see Section
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2.2) provide more details about these interactions.

2.2 Proteins

Smaller molecules included in the DNA-protein interactions are proteins. Pro-
teins appear in most biological processes with a large variety of shapes and func-
tions. Proteins have more freedom of movement compared to DNA, and their
structural changes can be more pronounced. A protein molecule contains one or
more polypeptide chains.

The polypeptide chain is also called the primary structure of the protein. In
addition to the primary structure, proteins form secondary structures such as α-
helices and β-sheets. Secondary structures group and form the tertiary structure
of a protein in the process of folding. Tertiary structures can be active proteins
by itself, but also they can create aggregates called quaternary structures.

Amino acids are biomolecules composed of tetrahedral carbon with four sub-
stituents. All substituents are attached to one carbon, and therefore we are talk-
ing about the Cα atom and the α-amino acids [10]. The different substituents
are responsible for the asymmetry of the molecule, which can be described by
chirality. Almost all amino acids in nature are L-amino acids named by chemical
nomenclature guidelines. Substituents bonded to Cα are a hydrogen atom, a hy-
droxyl group, an amino group, and a side chain. These substituents give amino
acids their properties. For example, polarity and charge of amino acids depend
mainly on the attached side chain.

Amino acids are bonded together in a polypeptides chain by a covalent peptide
bond. The bond arises between the nitrogen of the amyl group of new amino
acid and C-terminus carbon of the carboxyl group already incorporated amino
acid. These peptide bonds resonate between two states, single and double bonds,
which creates a partial double-bond character. A rotation around this bond is not
possible because of its double-bond nature, and therefore a peptide bond is planar
and rigid. Atoms included in a planar plane are Cα carbons together with amyl
nitrogen with bonded hydrogen and carboxyl carbon with bonded oxygen. Only
two orientations are accessible for the planar plane considering sterical constraints
of peptide bond, cis and trans conformation. Dihedral angles between Cα − N
bond and Cα −C bond fully describe cis and trans conformation. For proteins is
preferred trans conformation, due to sterical clashes of cis conformation.

Nevertheless, a polypeptide chain backbone has two rotatable bonds per
residue. First is a bond between Cα and amyl nitrogen, and second is a bond
between Cα and carboxyl carbon. Angles of rotation around these two bonds
fully describe the protein backbone even if their values are restricted. The spa-
tial arrangement of these rotations creates secondary structures of proteins. The
Ramachandran plot represents allowed values of angles with two main areas of
the plot appears for two main types of secondary structures in a protein [7].

The main regular shapes of secondary structures are α-helixes and β-sheets.
These shapes provide hydrogen bonds to donors and acceptors in the interior
of proteins. Nevertheless, secondary structures can have random shapes too.
Irregular structures are loops and coils, and they often occur on the protein
surface. They can form links between regular structures and are flexible.

Secondary structure elements are parts of wholly folded proteins. The folding
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Figure 2.2: The figure shows the histone protein-DNA complex (1AOI) and his-
tone H4 primary, secondary, tertiary structure, and its formed dimer and tetramer
with histone H3.

process includes the formation of secondary structures, a hydrophobic core, and
composition to the tertiary structure. Folding progress at the same time as pro-
tein grows in a process called co-translation. Amino acid sequences have many
possible folds, but proteins cannot test them all to find the most energy-efficient
one. Protein native conformation is a final product of folding, which is conforma-
tion with biological function. Folding is a complex process, and the amino acid
sequence with kinetic of the folding process itself influences the final fold.

The alphabet of proteins is limited to twenty amino acids (+ two less common
amino acids), and some of them have similar properties. Therefore, the exchange
of two amino acid residues with a similar hydrophobicity or similar charge does
not typically change the whole protein conformation and protein interactions.

Proteins interact with other molecules, including proteins. The interaction
between protein units creates quaternary structures aggregates composed of the
same type or several different types of protein units. These structures are again
able to bind other molecules or macromolecules.

2.3 Protein DNA interactions

DNA binding proteins handle different types of functions. Regulatory proteins
control transcriptions. Repairs of DNA require various proteins with an excising
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and joining activity. Topoisomerases are significant for the maintenance of an
overwinding state of the DNA, and structural proteins are responsible for the state
of chromatin. Processing proteins, such as polymerases, are essential proteins in
DNA synthesis [11].

Different experiments of protein-DNA interaction show how proteins interact
with DNA, but not all underlying principles of their interactions are clear [12,
13].Proteins can interact with DNA in one or more steps. When protein recognizes
the DNA binding site, it can bind to the recognized site or make a move or
rearrange its conformation. Possible moves include flip, shift, and slide [4, 1]. All
of these moves could slightly change or add a protein site, which interacts with
DNA.

An interaction’s ability to distinguish specific sequences or shapes groups them
into non-specific, sequence-specific and shape-specific interactions [11].

General properties of macromolecules determine the non-specific interactions.
Features like electrostatic forces, hydrophobicity, and aromatic interactions play
a role in recognizing binding sites and can influence sequence-specific and shape-
specific interactions. Non-specific interactions can establish an association be-
tween macromolecules solely by the noted forces and directly or indirectly with
hydrogen bonds [11]. Hydrogen bond interactions are directly between amino
acids and nucleotides, or water molecules can work as a mediator for hydrogen
bond.

Specific interactions consist of specific sequence recognization or specific
shapes recognizations. Specific shapes recognization includes recognization of
DNA motifs and recognization by specific protein binding motifs. Proteins recog-
nize the DNA motifs, which differ from the standard form of DNA. Protein motifs
binding to DNA are separated into several families by their spatial arrangement.
These structures are responsible for their binding characteristics.

DNA motifs

Specific binding proteins look for specific DNA sequences or DNA shape, as
the name suggests. Proteins with sequence-specific interaction to DNA read out
the DNA sequence and typically bind to the major or minor groove of DNA. Pro-
teins with the structure specificity to DNA recognize DNA shapes such as bends
of the double helix, DNA kinks, Quadruplex structures, Holiday junction, an-
other distort in B-DNA structure, and a single-strand DNA and its deformations
Figure 2.3 [3].

Protein motifs

DNA binding proteins have several specific motives separated into families.
Proteins in a motive family share the same or similar structural characteris-
tics, such as bonded ion or organization of secondary structures. Families are
helix-turn-helix, helix-hairpin-helix, zinc fingers, leucine zippers, β-ribbon, high
mobility group and uncategorized motifs [14, 11, 12].

Helix-turn-helix [2] motifs occur in different protein structures with various
functions and origin. Typically, two helices are linked together by turn at 120◦

to each other. One of the helixes is binding and associates only with B-DNA’s
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Figure 2.3: The figure shows typical distortions and deformations, which occur
in DNA molecules, and which are recognized by proteins.

major groove because of its size. This motif can be part of the larger structures
containing more helices, flexible turns, and small β−sheets.

Helix-hairpin-helix motifs [15] are non-specific binding motifs. Motifs recall of
a helix-turn-helix with two helices linked together. A short turn between helices
consists of strongly conserved amino acids and forms angle between helices, which
do not allow the association of one helix with the major groove of the DNA.
Functions of proteins with this motif also differ from helix-turn-helix. While helix
turn-helix generally occurs in regulatory proteins, a helix-hairpin-helix frequently
occurs in enzymatic proteins.

Zinc fingers [16] are specific binding motifs with a wide of folds. They generally
bond in the major groove of DNA and contain one or more zinc ions. These motifs
vary in secondary structures, binding zinc ions, and binding to DNA.

Leucine zippers [2] are motifs with regular leucine residues in long double
helices. Helices interact directly or by connecting domains and form coiled-coil
conformation. Associations with the major groove of DNA consists of specific
and non-specific interactions.

The family of the motifs binding by their β-structures are β-ribbons [17].
They interact with the major groove of the DNA but also with the minor groove.
A quite large amount of them can bend DNA or create kinks.

High mobility groups of motifs are diversified. Their common feature is an
irregular arrangement of the three helices, but they differ in the specificity of
recognizations. They also differ in contact with the major and minor grooves of
DNA or interactions with double-helix or single-straight DNA.

Last but not least, atypical motifs or newly observed motifs are part of the
miscellaneous family.
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Chapter 3

Existing methods

Several different approaches to predict DNA binding protein sites demonstrate
the complexity of the task. Methods use different algorithms and protein prop-
erties with several types of output results [13, 12]. We can classify methods by
their used protein properties, applied types of algorithms, or output. Used protein
properties depend on algorithm inputs and divide methods into two main groups:
sequence-based methods and structure-based methods. Statistical methods or
neural network are an example of used algorithms to analyze protein properties.
The output has several forms. Most used is a list of binding atoms or residues,
then binding sites, and simple binary classification of the whole protein.

A significant amount of methods is in the form of protocols and reports, and
we do not have an implementation for existing software to test them.

3.1 Sequence-based methods

Sequence-based methods use the primary protein structure, which is easily
accessible compared to tertiary structures. That is why the number of methods
using only protein sequences is larger than the number of those using structure
information [18].

The existing sequence-based method uses different features and different clas-
sifications to distinguish binding and non-binding residues or sites.

Methods use different protein properties calculated from a sequence
for method features. Commonly used property is sequence conservation [19, 20,
21, 22, 23]. Other properties are hydrophobicity, side chains pKa, the molecular
mass of amino acids, a dipole of side chains, side chains volume [23, 24, 25].
Prediction method can also use charge of residues, sites, or proteins [26]. Pseudo
amino acid compositions or the amino acid distributions on protein sites are also
properties suitable for prediction [27, 28]. Two methods use sequence homologies
of know DNA binding proteins, domains or motifs to predict binding sites.[29, 30].
Due to known DNA binding motifs and their secondary structures, predictions of
secondary structures or their descriptions are additional properties for predictions
[31, 25, 32].

Many methods use DNA-binding proteins and their properties to train ma-
chine learning classifiers including support vector machine (SVM) [33, 24, 32, 21],
Random Forest (RF) [23, 25, 27], neural networks [22] or a various combinations
of them [34]. But not all methods use machine learning. The methods can use
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linear-score [31], Hidden Markov model [20] or Gaussian network model [35].

3.2 Structure-based methods

With the increasing number of available tertiary protein structures, the num-
ber of methods using protein structures has grown as well. First methods had
available only a small amount of protein structures, often with low structural
resolution. The current experimental methods not only produce more protein
structures with higher resolutions, but also predictions of the protein structures
are more accurate. This results in more structural data for analysis and study.

Structure-based methods use different protein properties for the prediction
of binding sites. Methods can use known binding motifs, the spatial arrange-
ment of structure, and properties of protein residues. Some methods use protein
properties to label proteins only as binding or non-binding.

Identifications of DNA-binding motifs set in motion the development of meth-
ods looking for structural motifs [36, 37, 38, 39, 40, 41]. Structural motifs have
rather well-conserved shapes within the motif family. Known DNA binding mo-
tifs collected in databases or datasets serve as templates for the comparison of
studied proteins. Comparisons return the root mean square deviation (RMSD),
which shows how much proteins or parts are similar in the structural arrange-
ment. The structural properties of proteins are used in studies to split binding
and non-binding proteins often by their RMSD. Binding proteins do not create
a connection to DNA with their full surface, but only with the specific binding
site. Therefore methods use local curvatures and shapes to separate binding and
non-binding residues [42, 43].

Several methods use properties of residues on the protein surface to predict
binding sites, including electrostatic potential, accessible surface area, charge,
local curvature, hydrophobicity, residue propensity, amino acid composition, and
residue conservation. [44, 45, 46, 47, 38, 42, 48, 49, 50].

Types and amounts of the secondary structures, net charge, dipole moment,
and quadrupole moment of entry protein are properties used in studies that sep-
arate binding and non-binding proteins without looking for specific binding sites
[49, 51, 52].

Similar to the sequence-based method, many of structure-based methods use
protein properties to train machine learning classifiers.Considering the number of
implementations, the methods in the machine learning group use mostly neural
networks [49, 53, 45, 47] followed by SVM [50, 44, 54], and Random Forest [55].
We can also find methods, which use linear-score [38] or statistical evaluation
functions [42, 43] to discriminate binding and non-binding residues.

The next sections describe three methods that use residue properties on the
protein surface and use a machine learning classifier to discriminate binding and
non-binding residues. These parameters correspond with the P2Rank approach,
which we want to modify to predict DNA binding sites. Methods references are
available on the omictools.com by searching for the ”protein DNA interaction
prediction.”
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3.2.1 DISPLAR

DISPLAR [56] is a structure-based method designed for the prediction of
DNA binding sites on a protein’s surface. Binding site prediction uses a neural
network classifier, and it is a modified version of previously published method
PPISP [57, 58].PPISP predict protein-protein interactions using protein residue
properties. Modifications of PPISP consisted of the newly implemented features
that use information form the protein structure and the composition of the amino
acids in the protein.

Data used for the classification consist of three parts. First is a sequence
profile of the protein, which is produced by PSI-BLAST [59]. Second is solvent
accessibility for each residue on the protein surface, and third is fourteen neigh-
boring residues for the investigated residue.

Neural network training uses two feed-forward, back-propagation neural net-
works. Both neural networks have different numbers of nodes. The first has 15x21
nodes, where 15 represent considered residue and 14 spatial neighbor residues, and
21 represent input variables, including solvent accessibility of considered residue
and sequence profile. The first neural network output is a layer of two nodes, one
for predicting non-binding and predicting binding residue. This output is part
of the input for the second neural network together with solvent accessibility for
residues. The second neural network designed for the window with 15 residues
has two nodes with the binding state on the output. The training outcome is
a weight matrix initialized with random values and modified each round in the
training process.

As suggested in PPISP, the classification uses a consensus approach of the
collecting weight matrices for cross-training. The consensus approach includes
two steps. The first step was to cluster all positive predictions from weight
matrices by their consensus score. The consensus score is the sum of positives
predictions in different weight matrices. In the second step, the consensus score
and cluster size determine an optimal collection of the weight matrices.

The neural training runs with the collected dataset and separately on the
dataset with partially trimmed non-binding residues to improve the accuracy of
predictions.

Evaluation dataset

The dataset used for the neural network training was obtained from the Pro-
tein Data Bank where the filter was set so that the structures needed to contain
at least one DNA chain and one protein chain. All of the obtained protein chains
were processed by PSI-BLAST afterward to achieve the sequence identity among
chains less or equal to 50%. The removal of similar structures increased the
non-redundancy of the dataset, typically the entries with the highest structure
resolution were retained. The next step of pre-processing was to remove chains
with sequence length forty or less because of their inability to obtain a position-
specific scoring matrix from PSI-BLAST. The neural network algorithm operates
on residue level, and for that reason, residues of training sequences has to have
a label determining their binding state. Pair of heavy atoms have to exist across
the protein-DNA interface within a distance of 5Å to label a residue as binding.
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Division Accuracy Coverage

three-tier 64.8 80.2
two-tier 63.9 84.2

Table 3.1: The cross-training results for the three-tier and the two-tier divisions
of the dataset using DISPLAR.

Results

Predictions assessment is rated for DISPLAR by coverage 3.1 and accuracy
3.2. The three-tier and the two-tier are division used for the training, cross-
training, and testing. Table 3.1 presents their coverage and accuracy.

coverage =
ntp

Ndc

(3.1)

ntp − number of the predicted true positive residues

Ndc − number of real DNA binding residues

accuracy =
n′
tp

Npr

(3.2)

n′
tp − addapted number of predicted true possitive residues

(counting as positive four nearest neighbors)

Npr − number of the predicted binding residues

Protein-DNA interactions have an impact on the structural conformations
of proteins and DNA. Fourteen of twenty-five proteins in the two-tier division
had been available with their unbound structures and thus were used to test
the prediction ability of the DISPLAR for this scenario. All of these proteins,
coverage, and accuracy are computed together with the root-mean-square devia-
tion (RMSD) of Cα atoms. Results of cross-training for bound and for unbound
structures are comparable, but with notable deterioration.

Only two of fourteen protein structures have RMSD more than 2.5Å. These
two proteins represent two types of conformation changes in proteins, the global
distortion and proteins domain rearrangement. Despite modifications in struc-
tural conformation, DISPALR can determine the part of binding residues.

3.2.2 iDBS

iDBS [60, 55], is a random forest model for detection of functional regions on
the surface of DNA-binding proteins. Core of iDBS is another method PatchFinder
[61, 62], created to identify conserved function regions on the surface of proteins.
PatchFinder, together with local and global physicochemical features, is used to
get required specificity for the model of DNA-binding proteins. A most promi-
nent feature is a positive electrostatic charge of binding regions, and hydrogen
bonds have an important role, especially in recognition.
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Due to common helix-related DNA-binding motifs, residues’ helical conforma-
tion is one of the features used for classification. The next ten features added from
the work of Szilágyi, A. & Skolnick [52] are dipole moment of the full molecule,
percentage of Arginine, Alanine, Glycine, Lysine and Aspartic acids and spatial
asymmetry of Arginine, Glycine, Asparagine, and Serine.

Because the model’s training includes results from PatchFinder, a brief de-
scription of this algorithm is fitting. PatchFinder uses 3D structures of proteins,
multiple sequence alignment of a query protein MSA for input. PatchFinder out-
put is a cluster of residues on the protein surface, which PatchFinder assigned as
a functional site of a protein. These functional sites are called ML-patches.

The final classifier is composed of two separately trained models. One uses
16 features and is suitable for prediction on protein chains, which have too few
sequence homologs to predict ML-patches. The second classifier uses all 33 defined
features, including features based on the ML-patches.

The models use 138 binding protein chains and 110 non-binding protein chains
for training. Evaluation of the model is determined using 10-fold cross-validation
runs on the same dataset.

Evaluation dataset

Model training uses the dataset from the previously published method [52].
Workflow for creating the dataset requires to retrieve all PDB structures with
x-ray resolution less than 3.0Å from a set of protein-DNA complexes containing
double-helix DNA.

From retrieved structures are removed all protein chains, which have less than
41 residues and less than 5 DNA binding residues. If the PDB structure has less
than five pairs of DNA-bases, than they remove protein chains of structure from
the dataset. From retrieved structures are removed all protein chains, which
have less than 41 residues and less than 5 DNA binding residues. If the PDB
structure has less than five pairs of DNA-bases, than they remove protein chains
of structure from the dataset. They also remove protein chains with pairwise
sequence identities more than 35% to create a non-redundant dataset from protein
chains. The process returns 138 proteins chains.

A dataset with 110 non-binding protein chains is created by the same re-
dundancy criteria to provide real data for training the model on binding and
non-binding proteins.

The same redundancy criteria create two more datasets for testing purposes.
A small independent dataset formed from eleven additional structures found

in the Protein Data Bank satisfies the 35% identity. This dataset is prepared to
test the trained model on bond and unbound structures.

An extended dataset or ”real-data” dataset is created by adding the non-
redundant structures, satisfying 35% identity to simulate the real data experience.
Furthermore, the extended dataset consists of the original dataset enriched by 733
non-binding proteins. The dataset represents the ration of the binding and non-
binding proteins in the proteome established by observed data in the database.
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Results

Results of the classifier rated by MCC, Matthew’s correlation coefficient, for
dataset reaches value 0.80. Specificity and sensitivity measure the performance
of the model too. (see Table 3.2).

Tests running on additional eleven proteins available with their unbound struc-
ture identify binding protein correctly with specificity and sensitivity 0.9.

Tests run on the ”real life” dataset get the drop in specificity to 0.72, but
sensitivity stays at 0.9. However, an increase in specificity reached by a suitable
cutoff of the evolutionary score is possible, but in this case, sensitivity decrease.

Dataset Specificity Sensitivity MCC AUC

training dataset 0.9 0.9 0.8 0.96
extended dataset 0.72 0.9 . .

extended dataset with score cutoff 0.85 0.82 . .

Table 3.2: The cross-training results of the iDBS using 10-fold cross-validation
on the dataset of 138 bindings and 110 non-binding protein chains.

Used features groups are ranked to show their significance. From seven fea-
tures groups, electrostatic potential has the highest impact on the model. Other
categories have a smaller effect: amino acid conservation pattern, secondary struc-
ture, amino acid content, hydrogen donor/acceptor bonds, dipole moment, and
amino acid asymmetry in exact order.

Method tested the hypothesis of the high conservation of functional regions.
Results suggest that at least a small part of residues is conserved, and at least
half of the residues found in ML-patch are in contact with DNA.

3.2.3 DBSI

DBSI [63] uses for training is an SVM model, precisely SVM light program
[64], which classify binding and non-binding residues. To avoid over-fitting, the
selection of used features runs through an iterative process. Two smaller datasets
are applied to accelerate the model’s training during iterative feature selection and
SVM parameter selection. Datasets collected from previously published articles
are processed to get rid of similarity biases. Nevertheless, method bias lies in
datasets due to the imbalance between binding and non-binding residues. This
imbalance favors accuracy in non-binding residues predictions because the number
of non-binding residues exceeds the number of binding residues.

The article presents a set of features, but only a small part of them pass the
iterative selection. Features use standard residue properties such as hydropho-
bicity, size, charge, but also secondary structure assignment by DSSP [65], SASA
by NACCESS [66], availability of the hydrogen bonds, electrostatic properties
calculated by PBEQ-solver [67, 68], surface curvature by SURFCV [69] and local
atom density by FADE [70]. Features describe residue level properties or atom
level electrostatic properties. Nevertheless, also describe the microenvironment
of a residue using neighboring residues within several distances.

14



Evaluation dataset

Training and testing of the SVM model apply datasets from previously pub-
lished articles. Training dataset, TRAIN-263 use PDB structures collected for
DISPLAR [56] method without the 1MJE structure, witch misses too many frag-
ments. Testing dataset, TEST-206 use available PDB structures for proteins used
in metaDBsite [34], which is a compilation of the methods using the sequence-
based approach. Binding residues have to be well defined to obtain separation of
bound and unbound residues. For training, if an amino acid residue is a surface
residue and has any heavy atom within 5Å distance from any DNA heavy atom,
than the amino acid residue is binding.

The training dataset went through the modification process to prepare it for
cross-validation and decrease the bias against sequence and structure similarity.
Training data create ten groups. Structures belong to the same group if their
sequence similarity is more than 25% or if they share common fold or if their
TM-score [71] is more than 0.3. The TM-score was computed by TM-align using
the RMSD for comparison of the structural similarity.

Structures with bound and unbound form add information about the pre-
diction ability of DBSI in biological conditions, where proteins can dramatically
change their tertiary structure depending on the bound components. Obtained
HOLO and APO structures from articles of Ozbek [35] and Xiong [48, 54] were
also processed and sorted for testing. Processing included removing the structures
with too many residues or structures with only Cα atoms, and then homology was
calculated between HOLO and APO structures and the training data. 29 APO
and 30 HOLO forms obtained as outcome had applied TM-align to determine
values of structural changes between bound and unbound structures.

Model training

The article presents 480 features for model training to describe protein prop-
erties. Not all of the features provide necessary information for training, and
to avoid over-fitting, only few of them are used. Training is composed of three
separate steps: iterative feature selection, SVM parameter selection, final model
training.

Iterative feature selection uses 1000 randomly chosen residues, which respond
by the ration 18% to 82% of a bind and non-bind residues to the entire training
dataset. Features are applied one by one to train the model on a reduced dataset.
The best scoring model features combine to retrain the model.

The iterative selection process adds the next features to the combined model.
Features are added to the mode one by one. In each iteration, they select a feature
from the best scoring model for the next retraining. Iterations repeat until the
model score is not improving anymore. The score used to determine how good is
a trained model is the F1 score. The best values in single feature training reached
electrostatic features and PSSM feature groups.

The final model with specific parameters trained on the entire dataset uses
10-cross fold validation for evaluation.

15



Results

The prediction ability of the DBSI is comparable to other methods with the
accuracy, specificity, and sensitivity with values 0.83, 0.85, and 0.74, respectively.
Different features contribute differently to the prediction ability of the final model.
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TRAIN-263 0.48 0.86 0.85 0.70 0.82 0.5 0.58 0.77
TEST-206 0.51 0.88 0.85 0.74 0.83 0.49 0.59 0.80
HOLO-30 0.44 0.85 0.89 0.6 0.85 0.45 0.52 0.75
APO-29 0.41 0.83 0.89 0.58 0.86 0.42 0.48 0.73

Table 3.3: The table shows the cross-validation results of the model for datasets
used by DBSI.

Iterative selection allowed test individual features’ prediction ability and pre-
vented the over-fitting of the model. The best scoring features were electrostatic
features followed by the PSSM features and features of the residue environment.

Electrostatic features computed for atom level use sphere with a radius of
1.4Å, which corresponds to the value of the solvent probe radius. The original
approach of the DBSI shows that omitting the properties within the inner part
of the spere can lead to filtering the false positives and increase the sensitivity of
the model. Ignored the spere’s inner radius, which achieved the best result was
0.5Å from the van der Waals molecule surface.

PPSM features show a promising result individually with no significant dif-
ference with the use of the different window sizes for neighboring residues. The
best scoring electrostatic feature model and best PPSM features model serve as
the combined model for further iterative additions.

In the iteration process, the features of the residue microenvironment added to
the trained model do not show separately better results but increased the model’s
predictive ability. Features included in the residue microenvironment include the
local shape, electrostatic features, and distribution of the amino acids for the
residue and its neighboring residue.

Testing on the dataset of HOLO and APO structures indicate low sensitivity
to spatial changes of protein conformation.
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Chapter 4

P2Rank

As stated before section 2.2, proteins have a wide diversity of shapes but also
handle various functions. The active state of a protein often depends on bonded
ligands, which are small molecules able to bind on the protein surface. This
dependency led to the implementation of tools/software able to detect ligand
binding sites on a protein surface. P2Rank [72, 73, 74, 75] based on machine
learning using Random Forest classifier is one of them.

P2Rank predicts ligand-binding pockets from a protein structure. At first,
P2Rank generates Connoly’s point on the solvent-accessible surface of the pro-
tein. These points get assigned averaged feature vectors of all neighboring ex-
posed atoms in the selected radius. All exposed atoms have a feature vector
that describes properties suitable to identify ligand-binding interactions. Based
on the averaged feature vectors, the P2Rank classifier assign sore to each Con-
noly point. Connoly points scoring above the threshold are clustered together
and create pockets. Then P2Rank ranks pockets by their cumulative score for
output.

Our problem, prediction of DNA-binding sites on proteins surface, has similar
characteristics to the prediction of ligand-binding pockets. We have a protein
structure on the input, and we want to find DNA binding sites.

Interaction between proteins and ligands uses the physicochemical and geo-
metrical properties of amino acids exposed atoms. The differences in interaction
are binding molecules and values of properties. P2Rank can be used for predic-
tion of ligand-binding pockets and also for prediction of DNA-binding sites, but
thresholds of used properties can differ. Therefore, we have to retrain a model
with appropriate thresholds to get correctly defined binding properties. Also,
we want to expand P2Rank with new features that are not available yet. These
features should help with DNA-binding site predictions but also with predictions
of ligand-binding sites.

4.1 Modifications

P2Rank shows better results than alternative methods for structure-based
detection of ligand-binding sites. One of its advantages is the ability to find
binding sites formed by multiple protein chains. P2Rank is also independent of
additional bioinformatics tools or databases. For these reasons, we use P2Rank
as the basis for the prediction of DNA-binding sites.
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To properly modify the P2Rank, we have to analyze how DNA-binding differs
from the ligand-binding and describe their differences. These differences then
determine features which can be implemented into P2Rank for it to be better
suited for the DNA-binding detection task.

If we compare ligand-binding sites to DNA-binding sites of proteins, then
some differences are noticeable. At first sight, the size and shape of the sites
clearly differs. DNA-binding sites have shallower clefts than ligan-binding sites,
and the size of their binding sites can be more extensive. Feature vectors of
P2Rank already include these properties, such as the number of exposed atoms
and protein surface protrusion, which reflect this. Therefore, adjusting their
values by retraining the model on as suitable DNA-protein binding dataset is
sufficient.

The difference in the electrostatic potential on a protein surface is another
contrast between DNA-binding and ligand-binding sites. An electrostatic poten-
tial map (Figure 4.1) shows charge distributions on a protein surface for ligand-
binding (2SRC) and DNA-binding proteins(4O5K). DNA-binding protein shows a
more compact distribution of electrostatic potential with a wider positive cluster,
part of DNA-binding pocket.

Figure 4.1: Electrostatic potential maps for ligand-binding structure (2SRC) and
DNA-binding structure (4O5K) and their bonded forms with ligand and DNA
show a difference in electrostatic potential of binding pockets.

Implementation of electrostatic potential as a feature for P2Rank requires a
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more accurate description. The subsection 4.1.1 explains in more detail elec-
trostatic potential, its calculation, and obtaining an electrostatic potential map
using existing tools.

4.1.1 Electrostatic potential

Previously published studies showed that electrostatic potential had a signifi-
cant impact on the prediction of DNA-binding sites. This and differences between
DNA-binding and ligand-binding pockets were the main reasons to implement
electrostatic potential into P2Rank.

The molecule’s electrostatic potential is the interaction energy between the
molecule charge distribution and the positive charge of a unit [76]. The electro-
static potential depends on an electric charge of atoms and their distance from
each other, but it is also necessary to take a solvent charge into account. The irreg-
ular shape of proteins also adds variables for the calculation of electrostatic poten-
tial. The Poisson-Boltzmann equation incorporates all of the variables and solves
the problem of the electrostatic potential of proteins. The Poisson-Boltzmann
equation is a non-linear differential equation that usually approximated as a se-
ries expansion with just the first term retained [77].

Several teams work on the problem of generating an electrostatic potential
map for macromolecules. They use the Poisson-Boltzmann equation to solve the
electrostatic potential and generate a map (see section 4.1.1).

Electrostatic potential implementation

Before we assign values to feature vectors to atoms, we have to generate an
electrostatic potential map of proteins. For that purpose, we used previously
published work and tools to create a script that uses the APBS [78] and DelPhi
[79, 80] tools for calculation of protein electrostatic potential.

Electrostatic potential:

file ⇐ path to PDB file
library ⇐ chosen library
forcefield ⇐ chosen force field for library
if library is DelPhi then

prepare PRM file with file and forcefield
run DelPhi with PRM file
save CUBE file and LOG file

end if
if library is DelPhi then

run PDB2PQR with forcefield and file
set apbs-input file
run APBS with apbs-input file
run DX2CUBE
save CUBE file and LOG file

end if

Both these tools can generate an electrostatic potential map based on the
chosen force field, and this option is allowed for our script too. Both of the tools
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need PDB structure files and different input data for calculation.
The DelPhi needs input files, which contain atoms charges and atoms sizes.

Several pre-prepared files containing this data are available by DelPhi. Paths
to these files are included in the PRM format file to describe other parameters
available for calculation. The returned electrostatic potential map use CUBE
format.

The APBS needs for input pre-prepared PDB structure containing again
sizes and charges of atoms and specific input files with other parameters.The
PDB2PQR [78] is a tool, which prepares this PDB structure and generates an
input file for APBS. Unlike the DelPhi, APBS returns electrostatic potential map
in DX format, and therefore available python script converts the format SX to
CUBE.

Our script needs only structure in the PDB format and returns the LOG file
and CUBE file, simplifying the workflow.

4.1.2 Dipole moment

Calculation of electrostatic potential is not the only way how to use the charge
of atoms in proteins. The dipole moment of proteins describes the electrical
polarity of proteins using bonded atoms in a protein. Bonded atoms can differ in
their electronegativity, and hence arise a separation between positive and negative
charge. For protein, the dipole moment composes of partial dipole moments of
individual bonds in a protein (see section 4.1.2).

The article [51] uses net charge, dipole moment, and quadrupole moment for
predicting DNA-binding proteins. The study has shown that these properties can
distinguish DNA-binding proteins with high accuracy from non-binding proteins.
Furthermore, we can consider the dipole moment as a new feature for P2Rank.
We calculate one dipole moment for the entire protein, and therefore it is a global
feature. To use the global feature in P2Rank, we can add for each vector the same
value.

Dipole moment calculation

We used the formula (4.1) to express the dipole moment of a molecule from
[51]. The reference point (4.2) set on the geometric center of protein gives the
best classification between binding and non-binding proteins, and the formula
shows its estimation.

Dipole moment:

file ⇐ path to PDB file
forcefield ⇐ chosen force field
dipolemoment ⇐ [0, 0, 0]
run PDB2PQR with forcefield and file
R0 ⇐ geometric center of PDB strucutre
for each atom in PDB file do

dipolemoment+ = (distance of atom and R0) ∗ atom charge
end for
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Before we calculate dipole moment, we need to assign charges and coordi-
nations in space for all atoms. Coordinations are available from PDB structure
files. The PDB2PQR tool, used for electrostatic potential script, can generate
the charge for all atoms in a PDB structure.

∑︂
(Ri −R0)qi (4.1)

Ri − position vector of i-th atom

R0 − geometric center of protein

qi − charge of i-th atom

R0 =
∑︂ Ri

N
(4.2)

R0 − geometric center of protein

Ri − position vector of i-th atom

N − number of atoms in a protein

4.1.3 P2Rank integration

The integration of the P2Rank includes changes in source code, which is a
complex task. Therefore integration of new features will be prepared by a third
party, which develops features for P2Rank. The integration of features is still in
progress (see subsection 4.2.2).

4.2 Evaluation

In order to evaluate adapted P2Rank, we took a few preprocessing steps. We
created the new dataset for P2Rank, which contains protein-DNA complexes. On
this dataset are trained new models with different parameters. For testing, we
have chosen the trained model with the best results. Newly designed features
are in the process of implementation, and therefore we present test results only
for models trained without them. Finally, we compare P2Rank with existing
methods.

4.2.1 Dataset construction

The dataset used in the above introduced methods does not represent the
available protein-DNA complexes to this date. The number of available struc-
tures increased over time, and X-ray diffraction resolutions have improved too.
Therefore, we created a new dataset for training, evaluating, and testing P2Rank.

Process of creating the dataset

• We obtained list of PDB entries (entries.idx) from RCSB database sum-
maries.
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• We used the RCSB Search API, to select only structures containing protein-
DNA complexes. The query to API had the ”Polymer Entity Type” pa-
rameter set to protein and DNA.

• The query returned a list of PDB IDs, which contains protein and DNA
structure.

• We merged both lists by the PDB ID of entries.
• To represent each protein by one structure, we downloaded unitprot pdb.csv
from ftp.ebi.ac.uk/pub/databases/msd/sifts/csv/. File contain list of Unit-
Prot entries with mapped corresponding PDB IDs.

• In the next step, we removed all UniProt entries, which do not have at least
one protein-DNA structure.

• Retained UniProt entries have a list of PDB IDs. PDB IDs are for structures
with protein-DNA structures and also for simple protein structures. We
removed all simple structures to get only complexes for training. In case
when we will want to test models on unbound structures, PDB IDs for
simple structures are saved separately for each relevant UniProt entry.

• For each UniProt entry, we want only one structure for representation.
Therefore we sort the list of PDB IDs by their accession date and their
resolution if the used experimental method was X-Ray diffraction.

• We retained the first structure from the sorted list as represent for each
UniProt entry.

• We got 1032 protein-DNA structures in our dataset.
• Next, we randomly divided the dataset into three parts: the training set
(516 structures), the evaluation set (170 structures), and the testing set
(346 structures).

We produce a script for this process, which allows us to obtain a resent rep-
resentation of database data if the new structures appear. Datasets are available
on https://github.com/gajdosp2/p2rank-data-dna.

Radius Binding Non-binding Ratio

4.0 562717 4171513 0.135
4.5 637756 4096477 0.156
5.0 704672 4029558 0.175
5.5 769246 3964984 0.194
6.0 842311 3891919 0.216

Table 4.1: The number of residues labeled binding and non-binding in the dataset
for different radius.

4.2.2 Training and parameter selection

We trained models applying newly created datasets without implemented fea-
tures described in section 3 because their integration is still in process. Before
we could train models, we had to prepare datasets. P2Rank is prepared for
recognization binding ligands in structure, but not for recognization of binding
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DNA. Nevertheless, P2Rank is capable of training, evaluating, and testing with
additional data, which contains labeled residues by their binding state.

We need two additional files for training, evaluation, and testing dataset. The
first file dataset chains should contain a path to PDB structure and protein chain
name (../eval/4BQA.pdb.gz G). We need structured data in three lines for the
second file dataset lables. The first line has a PDB ID, followed by a protein
chain name (>4BQAG). The second line has a protein chain sequence using the
one-letter name (GPIQLWQF...), and the third line has a protein chain sequence
using binary labels for their binding state (00011000...).

Dataset labeling:

for each protien chains in the PDB strucutre do
add PDB ID and chain name to dataset chains
for for each residue in protien chain do

if residue is in radius R from DNA then
set residue label to 1

else
set residue label to 0

end if
add to dataset lables: PDB ID and chain name
add to dataset lables: protein chain residue sequence
add to dataset lables: protein chain residue labels

end for
end for

Described methods in chapter 3 use different definitions for binding residue. Def-
initions differ in the distance of a residue from the DNA molecule. To select an
optimal radius for our model, we trained several models using a radius of 4.0, 4.5,
5.0, 5.5, and 6.0Å (see Table 4.2).

We wanted to know how good are newly trained models in predictions com-
pared to P2Rank trained for ligand-binding proteins (P2Rank ligand). Therefore
we evaluate P2Rank our new test dataset for all radii. Then we evaluated our
new models (P2Rank DNA models) using the same test dataset.

Each model trained on the new dataset shows better results than the model
trained for ligands. MCC value of P2Rank DNA models increases from 4.0 to
5.0 bind radius, and for radius 5.5 and 6.0 value decrease. AUC values, accuracy,
and specificity slightly decrease with a growing radius. On the other hand, sensi-
tivity, precious, and F1 values increase with a growing radius. After taking into
account the evaluation result and the radii used in previous methods, we chose
the P2Rank DNA model using bind radius 5Å for the next demonstration.

The table shows us statistical data of P2Rank ligand and P2Rank DNA mod-
els, but we would like to demonstrate different outputs in protein structure pre-
dictions. For that purpose, we choose structure 6PAX, which is DNA binding.

The Figure 4.2 illustrates predictions for the P2Rank ligand model, the DBSI
web server tool, and the P2Rank DNA model with a 5Å bind radius. DBSI
recognized the binding place on the surface in large measures as one binding place.
P2Rank ligand was not able to identify all binding residues, but the identified
part looks correctly. The P2Rank DNA found three binding sites, which are, in
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Ligand 0.1634 0.6849 0.6437 0.6479 0.6083 0.1719 0.2881
DNA

4.0
0.4844 0.8977 0.8734 0.8956 0.6881 0.4421 0.5383

Ligand 0.171 0.6815 0.6447 0.6509 0.6011 0.1957 0.2953
DNA

4.5
0.4912 0.8922 0.8603 0.8823 0.7036 0.4569 0.554

Ligand 0.1717 0.6734 0.644 0.6534 0.5864 0.217 0.3167
DNA

5.0
0.4933 0.8857 0.8423 0.8608 0.7301 0.4606 0.5648

Ligand 0.1746 0.6682 0.6436 0.6564 0.5758 0.2396 0.3384
DNA

5.5
0.489 0.8785 0.824 0.8389 0.7446 0.4638 0.5716

Ligand 0.1717 0.6565 0.6407 0.6586 0.5588 0.2631 0.3577
DNA

6.0
0.4905 0.8732 0.8066 0.8159 0.7641 0.474 0.585

Table 4.2: The table shows the evaluation of our test dataset on the
P2Rank ligand model and the all trained models P2Rank DNA for different bind
radius.

fact, one binding site. These show us that the P2Rank DNA model can found
binding residues, but clustering them to binding sites is not optimized for DNA-
binding sites.

We created a demonstration of structure 6PAX for all newly trained models
to compare them with each other .

The Figure 4.3 demonstrate residues defined as binding by our dataset prepa-
ration (see section 4.2.2) for structure 6PAX. On top of the figure, the color
scale distinguishes the binding residues by their radius. Under that, we have pre-
dictions generated by P2Rank DNA models by the corresponding radius. Each
model predicts at least two binding sites for protein structure. Overall, they pre-
dict residues partially correctly, but we can see a problem identifying the binding
site as a whole.

4.2.3 Comparison with existing methods

We use 10-fold cross-validation for comparison of P2Rank with existing meth-
ods. Table 4.3 shows validation results using the same dataset for all methods,
except for the iDBS. Data for DISPLAR and DBSI is from the article [63], and for
P2Rank, we run 10-fold cross-validation using the same dataset TRAIN-263. The
P2Rank shows comparable results to other methods. Our specificity surpassed
other methods, but our sensitivity is lower than the values of the method.
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Figure 4.2: The figure shows protein Pax-6 (structure 6PAX) with bonded DNA.
The structures under 6PAX present predicted residues by P2Rank and DSBI.
P2Rank ligand is the default model for ligand-binding classification. Used DSBI
is a web server tool of the previously described method. P2Rank DNA was
trained on newly created datasets using a bind radius of 5Å.

Method MCC Accuracy Specificity Sensitivity Precision F1

P2Rank DNA 0.41 0.86 0.93 0.45 0.54 0.49
DBSI 0.48 0.82 0.85 0.70 0.50 0.58

DISPLAR 0.34 0.76 0.79 0.60 0.39 0.47

iDBS 0.8 . 0.9 0.9 . .

Table 4.3: The table shows 10-fold cross-validation on the dataset used for train-
ing DISPLAR and DBSI. We run cross-validation on P2Rank with the same
dataset. The model used for cross-validation is P2Rank DNA with a 5Å bind
radius, which corresponds to the radius used for DISPLAR and DBSI. Underline
is cross-validation of iDBS, which uses a different dataset.
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Figure 4.3: The figure shows on the structure 6PAX residues defined as binding
for different radii by color scale. Under scale is a set of structures representing
predictions for each newly trained model.
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Chapter 5

Conclusion

Protein-DNA interactions are significant parts of cell life and cell process in all
living organisms. Uncover involved principles could lead us to design treatment
for different conditions in regular expressions and other cell processes.

Even the best tools do not have perfect results, but their improvement can
help understand the principles involved in interactions. Vice versa, a better
understanding can lead us to more reliable predictions results.

Existing methods show all sorts of prediction approaches. They are looking at
the problem from a sequence view or structural view, and results are better with
each new tool. Macromolecules participating in interactions have various proper-
ties with different weights for prediction protein-DNA interactions. Electrostatic
potential shows the best efficiency for disguising binding and non-binding DNA
residues on a protein surface.

P2Rank predictions show comparable results for the newly trained models
and existing methods. They compared model shows a better result in specificity,
but its sensitivity was a bit lower. Classifiers can distinguish at least the part of
the binding residues in binding sites correctly. Implementation of new features
should increase the prediction ability of P2Rank for protein-DNA binding sites.
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