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Synopsis

The recognition of specific sites on the DNA by proteins mediates crucial biological
processes such as replication [1-4], DNA repair [5-7], recombination [8-11] and gene
regulation [12—14], to name a few. This recognition of cognate sequences that drives these
processes needs to bypass billions of non-cognate base pairs. The specificity preferences
that drive this process are not clear. One factor that hinder insights into the specificity
preferences is the structural diversity of DNA-binding proteins [15]. Another factor is that
the binding of proteins to their cognate sites could be mediated by the cooperative action,
as in the case of transcription factors [16—18]. Insights into the preferences of nucleotide-
amino acid would help delineate the contribution of individual proteins to the functioning of

biological systems.

This insight may prove useful because mutations of these proteins are responsible
for many diseases such as cancer, neurodegenerative, metabolic, infectious and inherited
diseases. One of the most viable options for the treatment of these diseases is gene
therapy [19-24]. With the advent of the CRISPR-Cas9 system, replacing defective genes
is possible [25,26]. However, off-target effects remain a potential concern, and efforts are
underway to reduce them [27-29]. Thus, investigating the mechanism by which DNA-
protein complexes show specificity could allow rational modification of the system and

assist in developing appropriate therapeutics.

The earliest studies on the DNA-protein specificity investigation showed the
requirement for more than two hydrogen bonds for specific recognition of nucleotides [30].
The study predicted that the hydrogen bond between arginine and guanine would be
specific without the crystal structures of DNA-protein complexes. Since then this prediction
has been proven and is observed most frequently in the X-ray crystal structures of DNA-
protein complexes. The statistical analysis of these DNA-protein crystal structures has led
to knowledge about nucleotide-amino acid interaction preferences but not a generalized
recognition code [31-34]. However, analyses of DNA-binding protein families have
resulted in specific recognition preferences for zinc finger and Transcription Activation

factor-Like effector (TAL Type Il effector) protein families [35-39].
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Due to the crucial role of DNA-protein specificity, we hypothesized the conservation
of molecular mechanisms across DNA-binding protein structural families. We wanted to
investigate this hypothesis and had two objectives. The first was to predict the amino acids
specifically binding a DNA sequence. The second was predicting the DNA sequence that a
protein would recognize. These objectives ensured that we adopted a holistic approach

and studied the specificity problem from both the DNA and protein standpoints.

To address these objectives, we analysed the structures of a 40% non-redundant
(NR) set of DNA-protein complexes. We found hydrogen bonds between nucleotides and
amino acids to be the predominant interactions among the directional interactions. Like our
predecessors in the field, we focussed on finding their role in imparting specificity to the
DNA-protein interface. We hypothesized that the common molecular mechanism of
specificity could relate to a similar arrangement of hydrogen bond donor and acceptor
atoms at the DNA-protein interface. Hydrogen bonds have a limited number of the
hydrogen bond donor and acceptor pair orientations. Thus, the amino acids in different
protein structural folds would have to adopt these orientations to recognize nucleotides
specifically. Hence, hydrogen bond donors and acceptors for superimposition make our

approach independent of the structural fold.

To highlight the significance of hydrogen bonds, we superimposed hydrogen bond
donors and acceptors across structural folds in the 40% NR set [40,41]. For the first
objective, we analysed superimpositions of the hydrogen-bonded nucleotide and its
neighbours on either side. Therefore, we performed mono-, di- and trinucleotide
superimpositions across structural folds and found some statistically significant nucleotide-
amino acid interaction preferences. The superimposition of structures boosts our
confidence in the significance of preferences, especially when data is sparse. We
developed a probabilistic scoring scheme to predict the amino acids that would specifically

bind a given DNA sequence based on these analyses.

We used multiple in-silico and in-vitro strategies to validate our predicted
preferences. Apart from the testing set, we validated our predictions on the zinc finger

proteins, since they have well-characterized specificity preferences. Another validation was
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to reconcile the multiple sequence alignment (MSA) of a protein with the variation
observed in its recognition site. While our method needs improvement, currently, it is the
only one that can predict these specific interactions to some degree of accuracy. The
validation of the preferences by predicting the effect of a mutation in the DNA-binding

interface had comparatively more accuracy.

We also attempted to validate the method using the probabilistic interaction
propensities to change the specificity of DNA-binding proteins using Molecular Dynamics

(MD) simulations and in-vitro assays.

For MD simulations, we made predictions of the amino acids mutations for
recognizing a non-consensus DNA for Ets1, Myc, EcoRV. Ets1 and Myc are transcription
factors, whereas EcoRV is a restriction enzyme. We generated the models of mutant
protein-non-consensus DNA, wild-type protein-non-consensus DNA and mutant protein-
consensus DNA. Using MD simulation, we compared these complexes to the wild-type

protein-consensus DNA.

We used Zif-268 wild-type protein-consensus DNA and crystal structures of the
mutant proteins with their preferred substrate as a control system. We modelled the Zif-
268 wild-type and mutant proteins to check the effect of modelling on the binding energy of
the complex. However, in the control system, the wild-type protein had a better binding to a
different substrate than its consensus. This reduced our confidence in the results, where
we observed that the Myc mutant did not bind to the non-consensus DNA preferentially
while Ets1 did. There was no difference in binding when the EcoRV mutant protein

interacted with either the consensus or non-consensus DNA.

We predicted three mutations in Ets1 and Myc that would disrupt binding to the
original recognition site and be specific to our desired site for the in-vitro assay validation.
We cloned and purified the wild-type and mutant proteins and performed binding assays to
derive the specificity experimentally. We used Electrophoretic Mobility Shift Assay (EMSA),
MicroScale Thermophoresis (MST) and nano Differential Scanning Fluorimetry (nanoDSF)
to assess the binding. We could show that the desired specificity change was present in

one of the three predicted mutations. In one other case the wild-type itself had a broad
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specificity and changing one amino acid was possibly not sufficient to change the

specificity.

The validation provided confidence in using hydrogen bond donors and acceptors to
study specificity. Thus, we employed the same strategy for the second objective of
predicting the DNA sequence from a protein structure. We developed a template-
dependent methodology using CLICK superimpositions, with hydrogen bond donors and

acceptors in proteins as representative atoms.

We generated putative models of the given protein with DNA. Then we selected the
model with the highest donor/acceptor match between the given and template proteins
among the different models. This provides information about the DNA-binding residue and
the binding pose. We relied on the chemical complementarity of the binding interface. The
hydrogen bond donor/acceptor atoms in the template protein matched those in the given
protein. Thus the template DNA, which would complement this protein interface, would
also match. Our method outperforms all existing algorithms that predict either the DNA-
binding residues or the DNA sequence of the protein. Our strategy integrated the
prediction of both sides of the DNA-protein interface and to the best of our knowledge, it is

the only one that does so.

Our findings provide new insights into the specificity determining factors in DNA-
protein complexes. The applications of the results from our study extend to various
spheres. We described some applications in our thesis and proposed others, which are a
direct extension of the results from this thesis. The amino acid prediction from the DNA
sequence may be employed to study the evolution of transcription factors. The current
methodology can predict the effect of the mutation on the DNA-protein interface and
therefore, could help rationalize diseases that occur as a result of this. An extension of this

would be to predict the binding affinity of the DNA-protein complexes

We have shown that the predicted DNA sequence correlates with the binding site
obtained through Chromatin Immunoprecipitation sequencing (ChlP-seq). In the future, we
can engineer proteins with desired specificity using the hydrogen bond donor/acceptor

derived interface, without regard for conforming to a specific fold. A similar approach may
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be adopted to analyse the specificity in non-B form DNA and RNA-protein complexes or
any interface that relies on hydrogen bonds to recognize the binding partner. Given the
central role of DNA-protein interactions in cellular processes, this study would interest the

scientific community across different research areas.

Thesis Organization
The thesis has 6 chapters and an appendix section. Each of them is summarized below-

m Chapter 1: Introduction
We explain the methodology for predicting amino acids specifically binding to a
given DNA sequence. It describes the amino acid composition and the molecular
interactions in the dataset of specific DNA-protein complexes. Also analysed are the
hydrogen bond preferences of mono-, di- and trinucleotides superimposed across
DNA-binding protein families. It then focuses on the scoring scheme for predicting
the amino acids for a DNA sequence and reports the results on the training and

testing sets.

m Chapter 2: Predicting Amino Acids Specific for a Given DNA Sequence
This chapter begins with the methodology adopted for solving the first objective of
the project, which was to find the amino acids specific for a given DNA sequence. It
describes the amino acid composition and the molecular interactions in the dataset
of specific DNA-protein complexes. Also analysed are the hydrogen bond
preferences of mono-, di- and trinucleotides superimposed across DNA-binding
protein families. It then focuses on the scoring scheme for predicting the amino

acids for a DNA sequence and reports the results on the training and testing sets.

m Chapter 3: In-silico Validation of Predicting Amino Acids Specific for a DNA
Sequence
Chapter 3 discusses the four in-silico approaches for validating the amino acid
prediction for a DNA sequence. The chapter first describes validation on zinc finger
proteins, which have a known recognition code. It then focuses on the second

approach of predicting the multiple sequence alignment of a protein from the
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position weight matrix of its recognition site. The following section outlines
predicting the effect of a mutation at the DNA-protein interface on the binding affinity
of the complex. Finally, the chapter deals with changing the specificity of DNA-

binding proteins and assessing it using molecular dynamics simulations.

Chapter 4: In-vitro Validation of Predicting Amino Acids Specific for a DNA
Sequence

Here we discuss the in-vitro assays to validate the change in specificity of DNA-
binding proteins experimentally.. The methods section describes the protocols
followed for cloning, expression and purification of three DNA-binding proteins. The
chapter then outlines the three binding assays to determine the DNA-protein
specificities- Electrophoretic Mobility Shift Assay, MicroScale Thermophoresis and
nano Differential Scanning Fluorimetry. The last section reconciles the inferences

from the different techniques to conclude whether the predictions were validated.

Chapter 5: Predicting DNA-Protein Interface for a Given Protein Structure

This chapter deals with the second objective of predicting the DNA sequence for a
given protein. It describes the currently existing tools and the lacunae that exist in
them. The following section proposes a template-dependent methodology to predict
the DNA-binding residues, the binding pose and the DNA sequence for a protein
structure. The chapter then illustrates the technique's robustness in making
predictions using unbound protein conformations, using protein models and in the
absence of close homologs. Then the method is compared with the existing tools

and validated using different benchmark datasets.

Chapter 6; Conclusions and Future Directions

The final chapter summarizes the findings and discusses the key takeaways from
this study. It then proposed the extensions of the project, such as obtaining
specificity preferences for non-B-form DNA, predicting the binding affinity of DNA-

protein complexes and engineering specific DNA-protein complexes.
Appendix

This section has additional data from the chapters for reference.
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CHAPTER 1: Introduction

OVERVIEW
Why study the specificity between DNA and proteins?

DNA structure
Mechanisms of DNA-protein interactions
o Base readout
o Shape readout
Previous investigations on universal recognition code
o Case study of TAL-effector family
o Case study of zinc finger family
Proposed approach for discovering the molecular basis of base readout
Introduction to techniques used in this study

Chapter summary
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1.1 Why study the specificity between DNA and proteins?

The recognition of specific sites on the DNA by proteins mediates crucial biological
processes such as replication [1-4], DNA repair [5-7], recombination [8—-11] and gene
regulation [12—-14], to name a few. It is not clear how these processes bypass billions of

non-cognate base pairs and recognize their cognate partner.

One of the factors that make this a difficult problem to solve is the structural
diversity of DNA-binding proteins [15]. Many transcription factors bind in tandem or have
co-operative action in regulation of gene networks and their mutations lead to diseased
conditions [16—20]. Understanding the DNA-protein specificity preferences can bring new
insights into the functioning of biological systems. There are many diseases such as
cancer, neurodegenerative diseases, metabolic diseases, infectious diseases and
inherited diseases for which gene therapy is one of the most viable options [21-24].
Understanding the DNA-protein specificity can help us develop targetted therapeutics.
With the advent of the CRISPR-Cas9 system, replacing defective genes is possible
[25,26]. However, off-target effects still remain a potential concern and efforts are
underway to reduce them [27-29]. Thus, investigating the mechanism by which DNA-
protein complexes show specificity could allow rational modification of the system and

assist in developing appropriate therapeutics.

1.2 DNA structure

DNA is composed of nucleotides held together by phosphodiester bonds. Each
nucleotide, in turn, has three components- nucleoside base or nitrogenous base,
deoxyribose sugar and phosphate backbone. A double-stranded (ds) DNA has two strands
of these linked nucleotides. There are four commonly found nucleotides in biological
systems with the nucleosides-adenine (A), cytosine (C), guanine (G) and thymine (T)
(Figure 1.1 (a)). The two strands in a ds-DNA interact primarily through hydrogen bonds
between A-T and G-C. These hydrogen bonds between the bases may be formed in
multiple permutations and combinations of the interacting atoms. The atomic contacts

between the complementary bases result in different types of base pairing, such as the
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Watson-Crick and Hoogsteen. The kind of base pairing dictates the conformation of the
DNA. Watson-Crick base pairing forms B-DNA, the most commonly occurring
conformation of DNA in living systems (Figure 1.1(b)). B-DNA forms a right- handed
double-helical structure that has grooves named major and minor grooves based on their
sizes. The major groove interactions are frequently associated with the sequence-specific
recognition between protein and DNA (base readout). This sequence specificity is
conferred by the nucleoside base since all the four commonly found nucleotides have the
same deoxyribose and phosphate backbone composition and structure [42]. In contrast,
the specific recognition that depends on the DNA shape (shape readout) uses a

combination of all components of the nucleotides to achieve specificity.
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Figure 1.1: Nucleotide structure and Watson-Crick base pairing.

(a) Structure of adenine, cytosine, guanine and thymine nucleotides. The phosphate
backbone, deoxyribose sugar and the nucleoside base are represented with orange,
purple and blue planes, respectively. (b) Watson-Crick hydrogen bond partners. The

hydrogen bonds are shown in purple dotted lines.

1.3 Mechanisms of DNA-protein interactions

There are two modes by which the proteins and DNA recognize their cognate partners-
base readout or direct readout and shape readout or indirect readout. This thesis deals

with the mechanism that is associated with base readout.

1.3.1 Base readout

(b) The base readout or direct readout involves recognizing a specific sequence of
nucleotides. The recognition is independent of the DNA-shape and relies on the chemical
bonds formed between the protein and the DNA, each of which contributes towards the
binding affinity of the DNA-protein complex. Free energy calculations show that the
cognate sites have a higher binding affinity compared to non-cognate sites. Binding sites
exhibit favourable interactions when the interface between the nucleotides and proteins is
complementary. These favourable interactions may either be electrostatic or hydrophobic

in nature.
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However, in non-binding sites, there may be mismatched pairs of amino acids and
nucleotides that may have for example similar charges interacting with each other. These
unfavourable interactions heavily influence the binding affinity compared to the favourable
interactions. This dependence is because the energetic cost of an unfavourable interaction
pose is higher than the interaction energy of a favourable nucleotide-amino acid
interaction. Hence, unfavourable binding partners between the DNA and protein moieties
dictate the probability of a binding event [46]. This implies that the total binding energy of
the complex is dependent on the specific and non-specific amino acid-nucleotide
interactions. Thus, a combination of specific and non-specific interactions between
proteins and DNA is essential for stabilizing the association and therefore, recognizing the
target site. These chemical bonds are predominantly hydrogen bonds, electrostatic
interactions (salt bridges), -1 stacking, cation-1r stacking, van der Waals interactions and
hydrophobic contacts [33,43—45]. These interactions will be described briefly in the

following sections.

1.3.1.1 Hydrogen bonds

A hydrogen bond is a directional interaction between two partially charged
electronegative atoms. An atom with covalently bound hydrogen atom acts as a donor and
shares this hydrogen with the second atom, which acts as an acceptor. Owing to their
directionality, hydrogen bonds are regarded as the major contributors to the specificity of
DNA-protein interactions [47]. Another aspect of hydrogen bonds that makes them
attractive investigative targets is that the energy required for their formation is around 10-
40 kJ/mol. This energy is sufficient to account for the specificity while simultaneously being
low enough to allow conformational changes occurring during binding, unbinding events
and conformational sampling [48]. The hydrogen bond distribution in the major groove is
partly responsible for the higher specificity of this groove. The hydrogen bond pattern in
the major groove has an asymmetric hydrogen bond donor-acceptor pattern that is unique
for a base-pair. In other words, the hydrogen bond donor/acceptor orientation is unique for
A-T, T-A, G-C and C-G base pairs. However, in the minor groove, A-T and T-A have the

same hydrogen bond donor-acceptor composition, as do G-C and C-G (Figure 1.2).
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Hydrogen bonds between amino acids and bases may be classified into three
types- single, bidentate and complex. Single hydrogen bonds refer to the existence of one
hydrogen bond between an amino acid and the nitrogenous base. The interaction is
termed bidentate when more than one hydrogen bond exists between an amino acid and
nitrogenous base. Complex hydrogen bonds constitute those where an amino acid forms
hydrogen bonds with more than one base [33]. A previous study has observed that
nucleotide-amino acid single hydrogen bond interactions did not exhibit preferences
except arginine, serine, and histidine. Bidentate interactions are the dominant force behind
specific recognition of DNA, partly by increasing the binding energy due to multiple

favourable interactions.

The recognition of guanine by arginine can be explained by bidentate interaction.
Since arginine has donor atoms, the nucleobase must have an acceptor. If the structures
of adenine and guanine are considered, they differ at the 6th position containing N6 and
06, respectively. If only O6 is used for recognition, arginine can distinguish between
guanine and adenine but not thymine. On the other hand, if N7 alone is used for
differentiation, then guanine and thymine can be distinguished but not guanine and
adenine. This conundrum can only be solved in the scenario where a hydrogen bond is
formed between N7 as well as O6. This interaction mode was proposed by Seeman et al.
even before the structure for a DNA-protein complex was solved [49]. Complex hydrogen
bonds have an obvious advantage in specific recognition as they form hydrogen bonds
with adjacent nitrogenous bases and can therefore recognize the target site more

effectively.

The hydrogen bonds between the nucleotides and amino acids may not necessarily be
direct. They could be mediated via a water molecule. Since water molecules have both a
donor and an acceptor, they could act as a bridge between the nucleotides and amino
acids that are spatially too far to form a direct hydrogen bond. The TrpR operator complex
is one such example of specific site recognition using water molecules. The trp repressor
lacks sufficient direct contacts between the base and amino acids to provide sequence
dependence to the binding. The crystal structure revealed the presence of three ordered

water moieties at the interface that could assist recognition by forming hydrogen bonds
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with the protein and DNA [50,51]. Homeodomains provide another example of the
significance of water in specifying binding [52]. These proteins bind AT-rich regions in the
genome that have a spine of water to provide stability to the conformation and mediate

DNA-protein complex formation.
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Figure 1.2: Distribution of atoms in major and minor grooves.

The nucleotides are in cyan with the oxygen atoms in red and nitrogen atoms in blue. The
red and blue coloured atom labels indicate hydrogen bond acceptors and donors,
respectively. The black atom labels specify the atoms that are unavailable for hydrogen
bonding. The dotted line between the nucleotides indicates hydrogen bonds. The major

groove region is coloured pink and the minor groove is coloured cream.

Even though there are wide-ranging examples that highlight the role of water in
assisting binding, certain binding sites are entirely hydrophobic. This occurs in lac
repressors where the non-specific binding sites have water-mediated interactions and the
specific sites lack water [50,53]. As there is a spine of water around the DNA, the bound

water molecules have to be displaced for binding to occur. Since this is an energetically
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cumbersome process, the energy from non-specific binding would not be able to displace

these water molecules. Therefore, it ensures specific binding indirectly.

Another class of non-classical hydrogen bonds that has been gaining momentum as
an essential player in mediating DNA-protein interaction is the CH....O interaction. This
interaction involves C5/C5-met of cytosine/thymine and an oxygen from the amino acid.
CH....O bonds are weak attractive bonds and their role in gene regulation has been
proposed because strong bonds between protein and DNA would not allow rapid changes

in gene expression [54].

1.3.1.2 Salt bridges or electrostatic interactions

Salt bridges or electrostatic interactions are non-covalent interactions between two
oppositely charged moieties. These interactions are indirectly responsible for the
enhanced stability of the DNA-protein complex via their enthalpy contribution to the free
energy. The formation of salt bridges is accompanied by the displacement of water
molecules and ions near the DNA, providing entropic contribution to the free energy
[565,56]. The salt bridges are commonly formed between the negatively charged phosphate
backbone and the cationic amino acids: arginine, lysine and histidine (generally at pH<7,
though it is dependent on the local environment). Studies have shown that the formation of
salt bridges induces bending of the DNA and thereby creates a complementary interface
for DNA-protein interaction. This bending results from backbone charge neutralization by
the positively charged residues of the protein [44]. Salt bridges have also been implicated
to be a part of specific recognition of target DNA sites. Salt bridges assist in recognition by
contributing to a network of favourable interactions or by restricting the size of the DNA

recognition site through DNA wrapping [57-59].

1.3.1.3 mr-1r stacking interactions

1T-11 stacking is an attractive non-covalent interaction between molecules containing
TT-bonds. These interactions have been shown to occur in cyclic and non-cyclic molecules

with 1T bonds with an interaction strength in the range of -0.5 to 2 kcal/mol [60]. The
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proximity of 1T electron-rich systems does not ensure a T1-11 stacking interaction and the
angle between the planes of the two molecules is crucial. Stacking may occur with the
planes perpendicular or parallel to each other. The energy of a stacking interaction is
equivalent to that of a hydrogen- bonding interaction [61]. Pyrimidines contribute to 62% of
stacking interactions. Among the amino acids, phenylalanine (44%) and tyrosine (33%)
have a higher proportion of stacking interactions as compared to tryptophan (13%) and
histidine (11%). Tryptophan is under-represented, which could be due to its rare
occurrence in proteins. However, the natural frequency of occurrence of histidine is similar
to that of phenylalanine and tyrosine. Therefore fewer histidine mediated -1 stacking
interactions could indicate lesser propensity to form these interactions [61]. The aromatic
amino acids intercalate between bases and cause the deformation of DNA, which is one of
the mechanisms by which the protein finds its cognate site on the DNA [33]. A previous
study has shown that 1r-11 stacking interactions increase in the hydrogen bonding capacity
of the DNA bases. The hypothesis proposed was that stacking promotes repulsion

between the bases and increases the hydrogen bonding capacity [62].

1.3.1.4 Cation-mr stacking interactions

The non-covalent attractive interactions involving T electron-rich aromatic ring
systems and a proximal cation are termed as cation-1r interactions [63]. They play a
significant role in biologically relevant processes, since it has an energetic contribution of
2.6 kcal/mol [63—67]. These stabilizing interactions can be quantified using thresholds of
distance, van der Waals forces and electrostatic forces. Since 1 electron-rich systems
prefer a hydrophobic environment and cationic groups prefer a hydrophilic environment,
there was a debate about the location of this interaction. However, they have been proven
to occur on the solvent-exposed surface [66]. Between lysine and arginine, arginine is a
dominant participant in this interaction even when the total number of both residues in the
dataset is almost the same [63]. Purines are more frequently involved in cation-1r
interaction than pyrimidines[63]. An example of cation-m mediated recognition is the
glycosylase AIkKA, which has a hydrophobic pocket with an abundance of aromatic
residues in the active site of the enzyme. This enzyme processes the DNA bases that

have undergone alkylation and therefore have a positive charge. A positively charged
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substrate combined with the aromatic rings in the enzyme active site implies the role of

cation-T1 interaction for enzyme function [68].

1.3.1.5 Van der Waals interactions and hydrophobic contacts

Van der Waals forces are “the attractive or repulsive forces between molecular
entities (or between groups within the same molecular entity) other than those due to bond
formation or to the electrostatic interaction of ions or of ionic groups with one another or
with neutral molecules” as quoted from the IUPAC Gold book [69]. These forces are
present between all entities within a specified distance. Therefore, their role in specific
DNA-protein interaction was considered negligible. However, through the study of three-
dimensional structures of DNA-protein complexes, it was revealed that two-thirds of all

interactions in DNA protein complexes are van der Waals interactions [33].

They influence the recognition process by limiting the permissive steric
conformations of the interacting partners in the DNA-protein complex [33,70]. These
interactions participate in maintaining shape complementarity between the DNA-protein
interface and are also directly involved in recognizing methyl groups of thymine bases
[12,71,72]. It has also been suggested that alternating van der Waals and hydrogen bonds
are markers for the specific recognition site [73]. The energy provided by van der Waals
interactions, with each interaction providing -0.5 to 1Kcal/mol, positively correlates with the
stability of the DNA-protein complex [47,70,74]. Increased stability at the target sites due
to a larger number of van der Waals interactions could contribute towards specificity. Van
der Waals interactions also assist in imparting specificity in the minor groove. In the minor
groove, hydrogen bonding pattern alone is insufficient to recognise the exact DNA

sequence (section 1.3.1.1).

Therefore a combination of hydrogen bonds, hydrophobic contacts and van der
Waals interactions promote specific recognition in the minor groove [47]. The intercalation
of hydrophobic side chains between nucleobases is also associated with specific

recognition in DNA-protein complexes such as those involving purR, TBP, Sso7d and
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Sac7d. These hydrophobic interactions often stabilize the kinks introduced by the
conformational change to A-DNA [75-79].

1.3.2 Shape readout

Shape readout, also called indirect readout, involves the recognition of cognate
DNA based on features other than the nucleotide sequence. These characteristics include
strandedness, local geometric variations, global changes in the type of DNA (A-form, B-

form, or Z-form), or the ease of deformation.

1.3.2.1 DNA strandedness

DNA can exist in the single-stranded (ss-DNA) or ds-DNA form inside the cell. ss-DNA is
transient and is mainly formed during the processes of replication [80,81], repair [82—84]
and recombination [85—-87]. Some insights into the differentiation between ss-DNA and ds-
DNA-binding to proteins have been provided by three-dimensional (3D) features of protein
bound to ss-DNA [88-92]. In particular, while the ds-DNA-binding proteins have diverse
binding interfaces, many ss-DNA-binding proteins possess a structural fold known as
Oligonucleotide Binding (OB) fold, which can be used to differentiate between ss-DNA and
ds-DNA binders [93]. Other methods to predict the strandedness of DNA bound by proteins
include sequence-based and machine learning algorithms, which combine structural and

sequential features [94,95].

1.3.2.2 Local geometric variations

The local geometric variations may arise from DNA sequences, such as AT-rich
stretches, GC-rich stretches, A- or T-tracts, CpG methylation sites, CpA steps, RY
alternating bases, TATA box, RpY, and YpR steps [96,97,106,98—-105]. The presence of
these bases change the helical parameters of the double helix locally, often altering the
width of the minor groove and changing the electrostatic potential. Proteins recognize
these changes, most notably the ones in the electrostatic potential. Some of the examples

of proteins that use this mechanism include TBP-binding to TATA-box during transcription
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initiation, wrapping DNA around a nucleosome, binding of homeodomain proteins such as
Ultrabithorax (Ubx) to its promoter and p53 protein binding to cognate sites [105,107,108].
Most of these proteins employ arginine residues, which form short linear motifs that are

functionally important for recognition [109,110].

1.3.2.3 Global conformational changes

The deviation of the global conformation from the classic B-form has been
associated with binding certain classes of proteins such as endonucleases and proteins
involved in innate immunity [111,112]. The A- and Z-DNA forms differ from the B-form with
regards to the width and depth of the two grooves and the orientation of the deoxyribose
sugar along with many other features that are discussed in detail elsewhere [113](Figure
1.3, Table 1.1).

While both A and B-DNA have a right-handed helix, Z-DNA possesses a left-handed helix.
It has been hypothesized that the left-handed characteristic of the Z-DNA is a result of B-
DNA underwinding by helicases and polymerases. Though A-DNA nucleotide bases form
contacts with their cognate proteins, Z-DNA recognition is exclusively mediated by
conformational changes. In A-DNA, the deoxyribose sugar is more exposed to the solvent,
involving more non-polar interactions compared to B-DNA. An example of the recognition
of the A-DNA conformation is by endonucleases, where the exposed phosphates in A-DNA
facilitate cleavage of the DNA [114]. Z-DNA has a distinctive zig-zag positioning of
phosphates, which acts as a signature for Z-DNA-binding proteins and a structural code

has been proposed for the same [115].
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Table 1.1: Parameters differentiating A-, B- and Z-DNA.

Parameters A-DNA B-DNA Z-DNA
Helix sense Right Right Left
Residue per turn 11 10 (10.5) 12
Axial rise (A) 2.55 3.4 3.7
Helix pitch (°) 28 34 45
Base pair tilt (°) 20 -6 7
Rotation per residue (°) 33 36 (34.3) -30
Diameter of helix (A) 23 20 18
Glycosidic bond configuration
dA, dt, dC anti anti anti
dG anti anti syn
Sugar Pucker
dA, dt, dC C3'endo C2’ endo C2’ endo
dG C3' endo C2’ endo C3' endo
Intrastrand phosphate-phosphate distance
dA, dT, 5.9 7 7
dG 5.9 7 5.9
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B-DNA

Figure 1.3: Types of global DNA conformations.
The figure was generated using PDB files 5eyq (B-DNA), 4izq (A-DNA) and 2ei1 (Z-DNA).

1.4 Previous investigations on the universal recognition code

Numerous features about DNA-protein binding have been established as we have
seen in the previous sections. However, the guidelines that dictate binding between protein
and DNA molecules are yet to be substantiated. Seeman et al.’s [30] study in 1976
showed the requirement for more than two hydrogen bonds for specific recognition of
nucleotides. The study predicted that the hydrogen bond between arginine and guanine
would be specific without having structural data of DNA-protein complexes. The structures
of DNA-protein complexes solved later have validated his prediction. This hinted towards a
definite pattern for DNA recognition and shifted the research focus towards analysing

crystal structures to explain the molecular basis for DNA-protein interaction.

Pabo and Sauer proposed the term “Recognition Code” for representing the
interactions governing the formation of the DNA-protein complex [116]. Though attempts to

find the recognition code were made, information from crystal structures revealed diverse
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DNA-protein interaction modes. It was observed that more than one amino acid
recognized a single base, and conformational changes in the protein and DNA
facilitated complex formation. This observation pointed towards the absence of a
universal recognition code [117]. However, due to the increasing availability of structural
information, studies were still carried out to find specific recognition patterns between DNA
and proteins. These studies focused on hydrogen bonds in conjunction with other
interactions [32,72,118-121]. But these efforts only focussed on interactions of a single
nucleotide or a particular family of DNA-binding proteins. Statistical analysis of DNA-
protein crystal structures has led to knowledge about amino acid nucleotide preferences
but not to a generalized recognition code [31-34]. However, analyses of families of DNA-
binding proteins have resulted in specific nucleotide-amino acid association preferences
that are only applicable to that family. The zinc finger protein and the Transcription
Activation factor-Like effector (TAL Type Il effector) families are the only two DNA-binding

protein families for which the recognition code is known yet.

1.4.1 The zinc finger recognition code

The zinc finger code delineates a 1:1 relationship between amino acids and
nucleotides. It was discovered in 1994 through phage display experiments when a library
of zinc finger proteins specifically bound DNA triplets [35-37]. This was further compiled
and validated through the rational design of zinc fingers that would bind a given DNA

sequence [122].

The code states that the amino acids at positions +6, +3, -1 and +2 would recognize
three nucleotides on the forward strand and the last nucleotide on the reverse strand,
respectively (Figure 1.4). In the illustrative example the DNA sequence AGTC is
recognized by glutamine, serine, arginine and serine at the +6, +3, -1 and +2 positions.
Each unit of zinc finger can bind a four nucleotide DNA sequence. Since each unit is
independent of the other, multiple zinc fingers can theoretically be combined to recognise
a larger sequence if they have overlapping binding sites. However, In practice, not all DNA
sequences can be specifically recognised by zinc fingers [23]. In the case of the TATA box,

not all of the 1:1 interactions predicted by the code are conserved [123]. This deviation
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from the code may be attributed to the shape of the TATA-box site, which deviates from the

classical B-DNA form.

Using the recognition code, custom zinc finger nucleases were designed, which
could be used for gene editing. It involved attaching a zinc finger protein to Fokl nuclease,
which is a non-specific nuclease, to cut the target site of the zinc finger protein [124,125]. It
has been successfully used for target gene mutation and gene replacement in Drosophila
melanogaster [126,127]. However, off-target effects remain a challenging problem to
address [126,128].
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@ Asn GIn Asn
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Glu Asp Glu Asp

Position 6 Position 3 Position -1  Position 2
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Figure 1.4: Schematic of zinc finger recognition code

(Recreated from [122]). Amino acids interacting with DNA are shown as red circles on the
zinc finger. The arrows from each amino acid point to the nucleotide it recognizes. The
table at the bottom describes the 1:1 correlation between the nucleotide at each position
(rows, single-letter representation) and the amino acid (columns, three-letter
representation) that it would bind specifically. Red rectangles highlight the amino acids
involved in ATGC binding.
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1.4.2 The TAL type lll effector recognition code

The TAL type lll effector proteins are secreted by the pathogen Xanthomonas when
it infects plants. It activates transcription in the plant nucleus by binding to the host DNA
via its central repeat domain. The TAL effector has 17.5 repeats of a 33-35 amino acid
sequence (17 complete sequences and one-half sequence). In this repeat sequence, the
amino acids at positions 12 and 13 were variable while the rest of the region was
conserved. In 2009 it was discovered that the variable amino acids at positions 12 and 13
bind to one base specifically, forming the TAL type lll effector recognition code [38,39].
Therefore each repeat binds to one nucleotide (Figure 1.5). Though only two residues in

this repeated sequence are involved in the process of recognition, all of them are

essential.
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Figure 1.5: Schematic of TAL type Il effector recognition code

(Recreated from [38]). TAL architecture is at the top of the figure with red, yellow and
green regions depicting the repeat region, nuclear localization signals and the activation
domain, respectively. The sequence of the repeat region is shown in single amino acid
letter codes with positions 12 and 13 highlighted in grey. The table at the bottom is the

frequency of interaction of each pair of amino acids at positions 12 and 13 with the four
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nucleotides shown in single letter codes. Adenine, cytosine, guanine and thymine are

depicted in green, blue, orange and red, respectively.

Similar to Zinc Finger nucleases, artificial nucleases were also engineered for TAL
effectors using Fokl called the TALENs. They find applications in genome editing just as

zinc finger nucleases and possess the same challenge of off-target effects [129-132].

1.5 Proposed approach for discovering the molecular basis of

base readout

The previous approaches had certain limitations, which we wish to address using
our method. The first problem was that of structural diversity among DNA-binding proteins.
This structural diversity makes it difficult to compare different DNA-binding proteins to find
common recognition patterns. To overcome this problem, we made use of CLICK, a
topology independent structural alignment software [40,41] (refer to Chapter 1, section
1.6.1).

While CLICK can superimpose structures with different folds, another feature that is
apt for the current study is the flexibility to select any atom/(s) as representatives to guide
the alignment. Since we were interested in looking at interactions, we used the nucleotide
hydrogen bond donor and atoms to guide the alignment, resulting in the superimposition of
the DNA-protein interface. This superimposition allowed us to compare hydrogen bond
similarities between different DNA-binding proteins. We also analysed the influence of
neighbouring nucleotides on the specificity of interactions, which has not been studied yet.
An example alignment of the regions of an endonuclease (PDB ID: 1mow) and a
transcription repressor (PDB ID: 2drp) bound to the same trinucleotide sequence GAA
shows similar orientations of hydrogen bonds (Figure 1.6). The region that shows similar
hydrogen bonds belongs to a helix in the transcription repressor and 3 sheet in the

endonuclease.

Therefore our CLICK-based hydrogen bond similarity approach is one of the ways in which

we can decipher protein family-independent DNA-protein interaction specificity. We used
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the data obtained from CLICK superimpositions to develop a model that predicts amino
acids that would specifically recognize a given sequence of DNA. We validated the model

using various in-silico and in-vitro methods.

Figure 1.6: CLICK superimposition of trinucleotide GAA.

Nucleotides are shown in grey and cyan with single-letter codes for 2drp and 1mow,
respectively. Amino acids are coloured blue (1mow) and salmon (2drp) and represented in
single-letter codes. The hydrogen bonds are depicted as black and red dotted lines. The
superimposed structure on the left belongs to the region of the protein shown in the black

rectangle on the right.

We also addressed the reverse problem of recognizing the DNA sequence,
given a protein. For this problem, we also utilized the same hypothesis that the hydrogen
bonding pattern is conserved across protein families. We performed CLICK alignments
between a template dataset of DNA-protein complexes and the query protein guided by
the hydrogen bond donor and acceptor atoms. We developed a method to predict the
putative pose of the DNA and the nucleotide sequence that would bind a given protein. It

was validated using in-silico approaches.

This study is based on structures of 235 proteins in the training set, which is the
biggest limitation of our method. Many of the interactions are not captured in this set and
therefore, it affects the accuracy of our approach for predicting specific DNA-protein
interactions. With an increase in the available structural data, this method can be refined to

obtain the protein family-independent nucleotide-amino acid specificity preferences.
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1.6 Introduction to techniques

This section describes the principles of the techniques used to implement the

proposed approach and refers to the sources to obtain the latest advances in the field.

1.6.1 CLICK

CLICK, is a topology independent structural alignment software [40,41]. CLICK
interprets biomolecular structures in terms of a collection of representative atoms, called
cliques. The clique size varies between 3-7 points. The algorithm initially matches three
atoms and then progressively increases the clique size to obtain regions with the highest
similarity. The least-squares fit is then performed with cliques from the two biomolecules
disregarding the atom connectivity and thereby bypassing secondary structure differences.
The structural similarity of the aligned structures is evaluated by two measures- Root
Mean Square Deviation (RMSD) and % Structural Overlap (% SO). RMSD is the average
distance between the points from the two structures after superimposition by CLICK. %SO

is the percentage of atoms that have matched between the two structures.

RMSD (v ,w)Z\/%X 2 lvi—wi?
i=1

where i to n are the superimposed atoms in structures v and w.

N

2%SO=100x n(M1.M2)
mi ,

where N is the number of atoms with RMSD <user-defined threshold, M7 is the number of

atoms in structure v and M2 is the number of atoms in structure w.

Though there are many more structural alignment programs [133—136], CLICK
allows structures from different folds to get superimposed (Figure 1.7). In the example
alignment, arginine repressor (1xxa) is superimposed with translation initiation factor 3

(1tig) using Ca atoms as representatives. Though they look similar, the 8 sheet is parallel
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in 1tig and anti-parallel in 1xxa. They also have different CATH [137,138] (protein structure
classification database) IDs with 3.30.110.10 for 1xxa and 3.30.1360.40 for 1tig.

Figure 1.7: CLICK superimposition of proteins with PDB IDs 1xxa (red) and 1tig (blue).
The left side of the figure represents the structures in the form of Ca atoms. The right side

shows superimposed structures. The figure is reproduced from the CLICK webserver-

http.//cospi.iiserpune.ac.in/click

1.6.2 Molecular Dynamics (MD) simulations

The structures of proteins and DNA-protein complexes are a static snapshot of their
orientation in an artificial environment. However, within the cells, these molecules are in
constant motion, which could be important for their function. These motions can be
captured through molecular dynamics (MD) simulations, which solve Newton’s equations
of motion to derive the putative movements in molecules. Apart from studying molecular
motion, MD simulations can also provide some insights into the stability of biomolecules
that have bound to each other [139]. In our study, we made use of them to understand the

stability of DNA-protein complexes.

The intra- and inter-atomic forces contribute to the stability of biomolecules. These
forces have been defined by forcefields such as AMBER [140-142], CHARMM [143,144],
OPLS-AA [145,146] and GROMOS [147,148]. All of them employ the same general form
for calculating energy that involves computing the bonded interactions and non-bonded
interactions. However, they differ from each other in the details of their implementation of

these terms.
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MD simulations require that all the biomolecular structure components have defined
parameters, which will allow the calculation of the energy terms in the forcefields. These
parameters are crucial in ensuring the accuracy of the simulations. Once these parameters
have been calculated, the biomolecular structure is then minimized so that the simulation
starts at the lowest energy state for the structure. This optimum structure is immersed in a
solvent (which is water in most cases). The system is neutralized with counter-ions so that
the overall charge of the system is zero. To reduce the effects of external factors such as
temperature and pressure, steps of equilibration are carried out that will ensure that the
system has a constant temperature and pressure. All of these steps can be carried out
using multiple simulation packages such as NAMD [149], GROMACS [150,151],
GROMOS [152] and AMBER [153] to name a few. There have been many reviews that

describe the principles of MD simulations and the recent advances in the field [154—157].

1.6.3. Binding free energy calculations

The binding free energy of association between biomolecules can be estimated
through a combination of molecular mechanics energies with either Poisson-Boltzmann
(MM/PBSA) [158,159] or generalized Born surface area (MM/GBSA) [160,161]. The
binding free energy calculations in this study were performed using NAMD using the
MM/GBSA protocol [162]. Using the formula-

G

tot:HMM+G( )+G( )_TAS

solv— pol solv —np conf

Where Gy is the total energy of the system, Hum is the sum of bonded and Lennard-
Jones energy terms, Gsonv-po and Gsovnp are the polar and non-polar contributions of
solvation energy and T and S represent the temperature and conformational entropy

terms. For detailed information refer to the cited sources [163-166].

1.6.4 Protein structure modelling

The structures of proteins provide invaluable insights into their function. The

experimental determination of three dimensional structure (3D) of proteins is cumbersome
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and long process. Within the cells, the proteins fold into their native structure with just the
sequence as guidelines. Therefore, the sequence contains all the information needed to
generate the 3D structure. Protein modelling tools rely on the sequences along with
knowledge-based potentials to generate models that resemble native protein structure
conformations. There are multiple modelling softwares such as MODELLER [167,168],
ROSETTA [169-171], AlphaFold2 [172] and iTASSER [173,174].

While iTASSER is an ab-initio method that does not require structures of
homologous proteins to make predictions, MODELLER is a comparative homology-
dependent modelling software. ROSETTA on the other hand has both homology-
dependent and independent modelling versions. AlphaFold2 is a novel machine learning
algorithm that depends solely on the protein sequence to predict its structure. However, it
incorporates evolutionary information in the form of multiple sequence alignments

(described in the next section).

In this work, we have used models generated by MODELLER and AlphaFold2.

1.6.5. Multiple Sequence Alignments (MSA)

Multiple Sequence Alignments (MSA) are aligned sequences of related proteins.
These are valuable in terms of interpreting the evolutionary conservation of an amino acid,
which would reflect its importance in protein structure/function [175,176]. The protein
homologues are found most often using a BLAST/PSIBLAST algorithm [177,178]. While
BLAST performs a single iteration and finds the homologues, PSIBLAST performs multiple
iterations. The advantage of using multiple iterations is that it generates a customized
profile of the protein after the each iteration, which helps it find distantly related

homologues in the next iteration.

The sequences found by BLAST may be formatted into a multiple sequence
alignment or there are other methods like Clustal Omega [179], ClustalW [180] or
MUSCLE [181] that can generate MSA from the given input sequences. The recent
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advances, challenges and limitations of the current methods are described in the cited
sources [182—-184].

1.6.6 Polymerase Chain Reaction (PCR)

Polymerase Chain Reaction (PCR) is a molecular biology technique that allows the
amplification of a DNA sequence in-vitro. The process involves a target DNA, a heat-stable
DNA polymerase (from Thermus aquaticus), free deoxyribonucleotides (dNTPs), short
DNA sequences complementary to the target DNA sequences (primers) and an
appropriate buffer [185-187]. The primers are designed such that they are present at the
beginning and end of the target DNA sequence and on opposite strands. There are three
steps in a PCR- denaturation, annealing and extension. The denaturation step involves
heating the target DNA to high temperatures (90-98°C) to separate the double-stranded
DNA into single strands. In the annealing process, the temperature is reduced (50-70°C)
and the primers form a duplex with the complementary region on the target DNA. Finally,
in the extension process, the DNA polymerase uses free deoxyribonucleotides to extend
the primer sequence and generates a copy of the target DNA. This cycle is repeated 25-40
times to generate amplified target sequences. There are many variations of the PCR

process, depending on the applications that are described elsewhere [188,189].

1.6.7 Restriction-free (RF) Cloning

Restriction-free (RF) cloning is a method of integrating a target DNA sequence within a
circular plasmid without the use of restriction enzymes. The cloning is entirely based on
PCR reactions [190]. The design of primers plays a crucial role in this process. The
primers must have complementary regions to the plasmid (vector) and the target DNA. In
the first PCR reaction, the target DNA is the template and the product is the target DNA
with the terminal region complementary to the vector. In the second PCR, the vector acts
as the template and the product from the first PCR acts as a primer. The product of the

second PCR is the vector with the target DNA of interest.
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In order to eliminate the vector without the target DNA, Dpnl restriction enzyme is used.
The vector is extracted from a bacteria and therefore has hemi-methylated adenines. The
PCR product, on the other hand, lacks methylation. Dpnl selectively cleaves methylated

products and therefore degrades the vector without the target DNA (Figure 1.8).

The Dpnl treated product is then transformed and screened to obtain the desired clone.

This method was used for cloning Myc, Ets1 and EcoRV in this study.

Primer 1
| I Target DNA
[ — PCR1 | . ]

S

Primer 2

. ©C0C-C

Vector
PCR2

Figure 1.8: Schematic of RF cloning.
The vector is shown in blue and the target DNA in pink.

1.6.8 Electrophoretic Mobility Shift Assay (EMSA)

Electrophoretic Mobility Shift Assay (EMSA) is a semi-quantitative in-vitro assay to
determine the binding of DNA with proteins [191]. It relies on the molecular weight of the
DNA as a readout of binding. If the DNA is unbound, it has a lower molecular weight and
can travel faster in an electric field. On the other hand, if the DNA is bound to the protein,
the complex is heavier and has a retarded movement in an electric field (Figure 1.9). The
DNA is stained with a fluorescent dye and the position of the bands indicates binding. To
have an estimate of the binding affinity, the proteins can be added in different
concentrations. The formation of the DNA-protein complex can be plotted as a function of
the protein concentration to find the apparent binding affinity. There are many reviews that

discuss in detail the principles and challenges associated with this technique [192,193].
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Figure 1.9: Schematic representation of an EMSA experiment.
The black bands indicate the position of the DNA (bottom region is unbound and top
region is bound). The direction of movement is from top well to the bottom. The protein
concentration is lowest at the first well on the left and increases gradually towards the

right.

1.6.9 Microscale Thermophoresis

Microscale Thermophoresis (MST) is an in-vitro technique to quantify the binding affinity
(kq) of biomolecules. It is based on thermophoresis, which is the directed movement of
molecules in a thermal gradient based on their physical properties like size, charge,
hydration shell and conformation [194]. The samples are loaded within a capillary and a
temperature gradient is induced by an infrared laser (Figure 1.10 (a)). The movement of
molecules is monitored through fluorescence (Figure 1.10 (b)). Therefore the technique
requires at least one of the interacting molecules to exhibit either intrinsic fluorescence or
be fluorescently tagged. In our study, we have tagged the protein with a fluorescent dye.
The fluorescence pattern is different for a bound and an unbound protein (Figure 1.10 (c)).
The concentration of one of the interacting molecules is kept constant and serial dilutions
are used for the second molecule. This results in a curve, to which we can fit the

appropriate binding models depending on the mode of interaction (Figure 1.10 (d)).

The law of mass action is used to calculate the bound fraction of the interacting

molecules. The graph of bound fraction can then be used to estimate the K4 as half of the
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point at which fluorescence is saturated at the maximum value. This technique has a few
advantages over the conventional techniques of binding affinity estimation which include
increased sensitivity (fluorescence monitoring) and reduced sample volumes. More details

about this experiment can be found elsewhere [195-199].
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Figure 1.10: Schematic of MST experiment
-depicting experimental setup (a), example readout (b), difference in bound and unbound

biomolecules (c) and curve to find kq (d).

1.6.10. Nano Differential Scanning Fluorimetry (NanoDSF)

NanoDSF is a low volume label-free method that uses the intrinsic fluorescence of
tyrosine and tryptophan to monitor the protein conformation [200]. The method relies on
the red-shift of fluorescence of the aromatic residues as a result of protein unfolding to
calculate melting temperature (Tm). Tm is the temperature at which 50% of the protein is

in the unfolded form (see reference for calculation using fluorescence- [201]). In nanoDSF,
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the Tm is calculated by monitoring the ratio of fluorescence at 330 nm and 350 nm with

increasing temperature [202].

In this study, we have used nanoDSF to analyse the difference in the Tm values
when different DNA substrates bind to a DNA-binding protein. The Tm value of a protein is
influenced by its immediate environment. The addition of a ligand could increase the
number of interactions in the protein, causing the Gibbs free energy to decrease. The
decrease, indicative of protein stability results in an increased Tm value in the presence of
ligands [203]. The low sample volume and non-requirement of labelling makes it
advantageous over the traditional methods of assessing ligand binding. Additional

information can be obtained from the following sources- [204,205].

1.7 Chapter summary

This chapter was an introduction to the DNA-protein specificity problem and outlines the
approaches used by previous studies to investigate it. We also briefly describe our
approach to obtain family-independent nucleotide-amino acid interaction specificity and the

techniques used to implement this approach.
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CHAPTER 2: Prediction of amino acids for a

DNA sequence

OVERVIEW

« Compiling and characterizing a dataset of sequence-specific DNA-protein complex

structures
o Analysis of amino acid composition of DNA-protein complexes
o Analysis of DNA-protein specificity in molecular interactions
= T17-17 stacking
= Cation-1r stacking
= Hydrogen bonds
«  Comparison of spatial orientation of DNA-protein hydrogen bonds
o Mononucleotide superimpositions
o Dinucleotide superimpositions
o Trinucleotide Superimpositions
*  Scoring scheme for predicting amino acid binding partners of a given DNA
* Measuring the accuracy of the predictions on training and testing set

*  Chapter Summary
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The previous chapter illustrated that the analysis of the 3D structures of DNA-
protein complexes has led to family-specific recognition preferences and briefly outlined
the approach that we have proposed to find family-independent DNA-protein specificity
preferences. This chapter deals with the methodology to analyse amino acid-nucleotide
specificity preferences. We then used these preferences to predict amino acids that would

specifically recognize any given DNA sequence.

2.1 Compilation and characterization of DNA-protein complex

structure dataset

As discussed in the previous chapter, the focus of our work was to understand the
basis for sequence-specific DNA-protein binding. Therefore, the dataset was curated to
include only the DNA-protein complexes where the proteins recognise a specific DNA
sequence. We further limited our study to B-form DNA complexes to avoid any possible

effects on binding due to the overall shape of the DNA.
The steps followed to construct the dataset include-

i. We obtained 3467 DNA- protein complex structures from the RCSB Protein Data Bank
(PDB) [206] by using the following parameters - 'Molecule Type=complex, Experimental
Method=X-RAY, and Chain Type: there is a Protein, and a DNA chain but not any RNA
or Hybrid and Resolution is between 0.0 and 3.0 A"’

ii. To avoid over-representing certain protein families, we compiled a 40% non-redundant
set using h-CD-HIT [207]. We performed three iterations — 1st step of clustering at 90%
identity followed by 60% and finally 40%, which resulted in 669 clusters.

iii. We chose a comparatively permissive distance cut-off and angle range to account for
all possible hydrogen-bonded amino acid-nucleotide pairs and experimental errors. The
cluster representative was the structure having a chain with the maximum number of
DNA-protein hydrogen bonds. Wherever there were multiple chains with maximum

hydrogen bonds, the structure with the higher total number of hydrogen bonds (all
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chains included) was chosen. If two or more structures had the same number of overall
hydrogen bonds, the structure with the better resolution was the representative. From
669 clusters, we removed 81 clusters with no DNA-protein hydrogen bonds, which left

us with 588 clusters with 588 representative structures.

iv. 422 structures remained after screening for double-stranded B-form DNA using Nucleic
Acid Database (NDB) [208]. NDB missed filtering some entries that did not belong to
the double-stranded B-form DNA category. Further, some of the structures had non-
specific DNA-binding activity, such as polymerases. We removed both these types of
structures by manual curation using text mining and visualization of structures. This
resulted in 285 structures. (A complete list of PDBs that were removed by manual

curation is in Appendix 1)

v. In homo-oligomeric protein assemblies, we retained unique chains. The 285 structures
were randomly divided into 235, and 50 PDBs in the training and testing set,

respectively.

We characterized the amino acid composition and the molecular interactions in the dataset

of DNA-protein complexes.

2.1.1 Analysis of amino acid composition

We computed the amino acid composition of the training and testing dataset. We
performed the y*test to check for normality, and it showed a Gaussian distribution at a 95%
confidence level. We then compared the amino acid distribution between the training and
testing set using Student’s t-test, and it did not show any difference at 95% confidence
(Appendix 2). The training set was also compared with the dataset of non-DNA-binding

proteins to identify amino acid signatures of DNA-binding proteins.

We collated a set of non-DNA-binding proteins from the Uniprot database (2017)
[209] by providing keywords with functions unrelated to DNA-binding, such as — cell
adhesion, locomotion, behaviour, growth, localization, immune system processes,

detoxification, and metabolic processes. To ensure no DNA-binding, the proteins without
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any nuclear localization were selected. We also excluded the sequences with putative

nuclear localization signals (NLS) using NLSMapper [210] and NucPred [211].

We obtained a 40% redundant set through h-CD-HIT, using the same three-step
iteration process that was used to generate the DNA-protein complex dataset. 10-fold
cross-validation was done by randomly selecting 235 proteins from the non-DNA-binding
and DNA-binding sets to compare the amino acid compositions. We analysed the
distribution for each amino acid in the two datasets using the t-test and checked for

statistical significance at 95%, 99% and 99.9% confidence intervals (Table 2.1, Figure 2.1
(a)).

Table 2.1: Comparison of amino acid composition in DNA-binding, non-binding proteins
and DNA-binding domains.

The amino acids are represented in single-letter codes with their frequency in percentage
(%). The p-value is calculated from the mean of the 10-fold cross-validation. The grey rows

are not significant at a 95% confidence level.

Amino Acid Binding protein  Non-binding protein  P- value (Protein) Binding domain P-value (Domain)

A 7.08 8.65 3.16E-05 7.64 1.00E-02
C 1.28 1.95 6.12E-04 1.41 2.50E-01
D 4.86 4.52 2.83E-02 3.78 1.47E-12
E 7.42 5.35 1.17E-11 7.16 1.90E-01
F 3.60 4.81 2.11E-08 3.95 5.40E-02
G 5.37 7.31 3.02E-11 4.1 4.77E-11
H 3.03 1.94 5.64E-09 243 2.30E-04
I 5.75 6.59 7.61E-04 6.74 2.04E-07
K 8.10 5.50 1.75E-13 8.3 6.70E-02
L 9.79 10.31 4.07E-02 10.8 1.53E-05
M 2.41 3.25 1.19E-07 1.8 3.71E-07
N 4.42 3.87 1.45E-03 3.64 1.47E-06
P 3.95 4.47 3.64E-02 2.03 1.38E-32
Q 4.49 277 3.12E-16 4.79 6.70E-02
R 7.54 4.14 2.61E-27 8.93 1.11E-07
S 6.45 6.75 6.07E-02 5.72 3.95E-05
T 4.74 5.54 1.18E-03 4.74 3.90E-01
\Y 5.55 7.78 1.19E-18 6.52 1.60E-08
w 1.19 1.22 1.90E-01 1.37 3.64E-02
Y 2.99 3.22 3.89E-02 3.74 9.70E-08
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Figure 2.1: Amino acid frequency distribution in protein sequences

comparing DNA-binding (blu

proteins (blue) and domains

e) and non-binding proteins (red) in (a) and DNA-binding

only (pink) in (b). The amino acids are represented in single-

letter codes on the x-axis. “**,** and *’ indicate significance at 99.9%, 99% and 95%

confidence levels, respectively. The error bars are standard deviations in the frequency

after 10-fold cross-validation.

The t-test showed that

all amino acids except serine and tryptophan had statistically

significant differences in composition at a 95% confidence level. Glutamate, histidine,

lysine, glutamate and arginine were enriched in DNA-binding proteins at a 99.9%
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confidence level. Asparagine and aspartate also occurred at a higher frequency in DNA-
binding proteins at 99 and 95% confidence, respectively. At 99.9% confidence, we
observed that alanine, cysteine, phenylalanine, glycine, isoleucine, methionine and valine
had a lower frequency in DNA-binding proteins. This depletion could be because they lack
hydrogen bond donors and acceptors in their side chains. Proline, threonine and tyrosine
also exhibited a lower abundance in DNA-binding proteins (95% confidence). The trend
favoured the enrichment of amino acids with hydrogen bond donor/acceptor atoms in their
side chains in DNA-binding proteins (except tyrosine and threonine). Tyrosine and
threonine contain hydroxyl groups that could interfere with DNA-binding, but the

mechanistic basis is unclear.

We also compared the distribution of amino acids in the protein sequence
crystallized with the DNA and the DNA-binding domain alone. The DNA-binding domains
were obtained by running RIBFIND [374] on the protein structure and taking all protein
clusters with at least one atom within 4 A of the DNA residues. RIBFIND clusters a protein
structure based on rigid bodies detected by secondary structure similarity. The difference
in the composition between the entire DNA-binding protein and the DNA-binding domains
was evaluated using the t-test. The composition of cysteine, glutamate, phenylalanine,
lysine, glutamine and threonine does not change significantly in the DNA-binding domain.
However, alanine, isoleucine, leucine, arginine, valine, tryptophan and tyrosine have a
higher occurrence in the DNA-binding domain compared to the entire DNA-binding protein.
The opposite is true for aspartate, glycine, histidine, methionine, asparagine, proline and
serine. The enrichment of arginine and the depletion of aspartate could be due to their
affinity and repulsion towards the negatively charged backbone, respectively. The non-
polar amino acids are also enriched in the DNA-binding domain. It is possible that the non-
polar residues distribute unevenly so the protein can orient itself towards the DNA. Though
we could obtain certain inferences about amino acid composition, predicting DNA-binding

domains from protein sequences is a challenging problem.
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2.1.2 Analysis of molecular interactions

As discussed in chapter 1, nucleotides and amino acids interact in five primary
ways- electrostatic interaction [212], hydrogen bonds [213], m-11 stacking [61], cation-TT
interactions [214], and van der Waals interaction [215]. The strength of all of these
interactions is inversely proportional to the distance between the participating amino acid-
nucleotide pairs. Directionality of interactions (i.e., interactions that rely on relative
orientations) is one of the prerequisites for specificity [216]. However, Coulombic,
electrostatic, and van der Waals interactions are not directional. Therefore, even though
their presence is essential for protein contact with DNA, they cannot confer specificity to
the interaction. Hence, the current analysis focused on hydrogen bonds, -1 stacking and
cation-1r interactions. These molecular interactions are defined by the distance between
the interacting atoms and angle (in the case of stacking and hydrogen bonds), which allow
their identification in DNA-protein complexes (Figure 2.2).

(a) Parallel Stacking (b) Perpendicular Stacking

=

Distance <4.5A
Angle <30°

dA
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~
L
L]

L
K Distance <5.5A
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(c) Cation-1t (d) Hydrogen Bond

dG
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Figure 2.2: Types of nucleotide-amino acid interactions
showing- parallel stacking (a), perpendicular stacking (b), cation-1r interaction (c) and

hydrogen bond interaction (d). The nucleotides and amino acids are represented in single-
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letter codes in cyan and salmon, respectively. The red and blue atoms indicate oxygen and
nitrogen atoms, respectively. The purple dotted lines indicate the interaction with the
distance and angle constraints for each interaction mentioned. The interactions were
obtained from the PDB ID: 56HR4. Chimera was used for visualization of all PDB structures
[217].

We calculated the distances using Cell List (https://github.com/neeleshsoni21/Cell_list)
and the angles with an in-house script. We normalized the amino acid-nucleotide

interactions according to their abundance in the dataset in order to avoid sampling bias.

2.1.2.1 -1 stacking

We identified -1 stacking interactions in the dataset using distance and angle
constraints. We calculated the distance between the centroids of aromatic amino acids
and nucleosides and the angle between their planes using an in-house python script.
Stacking interactions can be of the parallel or perpendicular type depending on the
distance and angle constraints (Figure 2.2 (a),(b)). We annotated the interaction with the
centroid distance between the aromatic groups <4.5 A and the angle between the planes
<30° as parallel stacking. Interactions with centroid distance <5.5 A and plane angle in the

range 60-120° were classified as perpendicular stacking [62,218].

We compared the results for the two kinds of stacking in the DNA-protein training
dataset. There were more perpendicular stacking interactions (68.5%) than parallel
stacking. Parallel stacking involves inserting amino acid aromatic groups between the DNA
base pairs, which is energetically costly due to DNA deformation. This DNA deformation
could be another reason for the low abundance of parallel stacking in our dataset because
it contains B-form DNA. Adenine had a greater propensity to participate in parallel stacking
(74%) compared to perpendicular stacking, whereas guanine (70%), cytosine (56%) and
thymine(53%) preferred to interact via perpendicular stacking. However, the number of
perpendicular and parallel stacking interactions observed in the dataset was 11 for parallel
and 24 for perpendicular stacking interactions. Thus, these interactions may impart

stability to the complex and influence specificity, but they are unlikely to be significant
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determinants of amino acid-nucleotide specificity. Due to their low numbers, we clubbed
parallel and perpendicular stacking interactions into a single category to make inferences
about amino acid-nucleotide preferences in stacking. We normalized the observed

interactions by the abundance of the nucleotides and amino acids in the dataset.

Cytosine had the highest stacking interactions (46%), followed by adenine (18%),
guanine (17%), and thymine (17%) (Figure 2.3 (a)). Even though cytosine had the highest
propensity to stack in our dataset, it interacted with all amino acids with a similar
frequency. Tyrosine showed interaction with thymine and cytosine, but not with guanine
and adenine (Figure 2.3 (b)). Since pyrimidines and tyrosine have six-membered aromatic
rings, their stacking could result in better packing, and therefore we observed a higher
number of these interactions. The highest number of interactions were seem with tyrosine-
thymine. There are only 4 four instances of these in the dataset and each of them have a
hydrogen bond with the phosphate backbone accompanying the stacking interaction. The
additional hydrogen bond due to the hydroxyl group of tyrosine could be stabilizing this
interacting amino acid-nucleotide pair. No observations of tryptophan- guanine stacking

could be due to the lower frequency of occurrence of tryptophan.

Adenine-phenylalanine and guanine-histidine pairs showed a higher propensity to
interact. Guanine-histidine interaction strength could be enhanced by the formation of both
stacking and hydrogen bond interactions. The interaction of phenylalanine with adenine
was primarily mediated via parallel stacking. The phenylalanine ring lacks hydrogen bond
donors/acceptors. Thus, hydrophobic contact alone could stabilize the interaction, which
explains its preference for purines. The number of observed stacking interactions are three
and two for adenine and guanine, respectively. Therefore the observed preferences could

also be an artefact of lower sampling.
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Figure 2.3: Distribution of 1r-1T interactions

-among nucleotides (a) and amino acids (b). The y-axis has the normalized frequencies,
and the x-axis has either nucleotides in single-letter codes (a) or amino acids in three-letter
representation (b). Red, yellow, purple and green correspond to adenine, cytosine,
guanine and thymine, respectively in subplot (b).

2.1.2.2 Cation-1r interactions

We identified the cation-11 interactions in the dataset by calculating the distance
between the centroids of nucleosides and NE and NZ atoms of arginine and lysine,
respectively. We characterized the interaction as cation-1r interaction if the distance
between the positively charged amino acid and the aromatic group of the nucleotide was
less than 6 A [219]. Histidine, in principle, can undergo both T-Tr and cation-Tr stacking.
However, the charge on histidine is dynamic and pH-dependent. Therefore, for the

purpose of this study, we classified its interaction with nucleotides as -1 stacking.

The number of cation-1r interactions for arginine (811) is more than twice that of
lysine (361). However, the amino acids do not differ in their interaction with the four
nucleotides (Figure 2.4 (b)). The propensity of forming cation-1r interactions is largest for
guanine (50%), followed by thymine (18%), adenine (16%) and cytosine (16%) (Figure 2.4
(a)). The association of arginine with guanine is well documented, and it forms a maijority
of the cation-Tr interactions [30,215]. Therefore guanine has the most propensity to form

cation-1T interactions.
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Figure 2.4: Distribution of cation-1t interactions

-among nucleotides (a) and amino acids (b) with y and x-axes corresponding to the
normalized frequencies and either nucleotides in single-letter codes (a) or amino acids in
three-letter representation (b). Red, yellow, purple and green stand for adenine, cytosine,

guanine and thymine, respectively in subplot (b).

2.1.2.3 Hydrogen bonds

We identified the hydrogen bonds in the dataset using the distance between
hydrogen bond donors and acceptors and their relative orientation. Using Cell List and an
in-house python script, we calculated the distance between the hydrogen bond
donor/acceptor atoms (List in Appendix 3) and the donor-acceptor-acceptor antecedent
angle. A pair of donor-acceptor atoms were annotated as hydrogen bonding if their
distance was <4 A and the angle between the donor-acceptor-acceptor antecedent was
90-180° [220]. Since our dataset contains structures up to 3 A in resolution, we used a
higher distance cut-off of 4 A to ensure we capture all hydrogen bonds that mediate DNA-

protein interaction.

The hydrogen bond donors and acceptors are distributed unevenly in the DNA, with
more donors and acceptors in the major than in the minor groove. The pattern made by
donor-acceptor groups in the major groove can differentiate between AT, TA, GC and CG
pairs. However, the AT/TA pair and GC/CG pair are equivalent in the minor groove based

on the hydrogen-bonding pattern (Chapter 1: Section 1.2- Figure 1.3).
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The major groove is also wider than the minor groove resulting in different
physicochemical properties. Therefore, the hydrogen bonding preferences of amino acids
in the major and minor grooves were evaluated separately. The main chain of the amino
acids also contains a hydrogen bonding donor (NH) and an acceptor (O) atom, but these

are common in all amino acids except proline.

The side-chain hydrogen bonding atoms differ among amino acids and have various
orientations. Thus, we assessed the hydrogen bond preference of main chain and side
chain atoms separately. After calculating the hydrogen bonds in the dataset, we divided
the interactions into six categories depending on the region of the DNA and amino acids
that interact (Table 2.2). (a) DNA backbone with the amino acid main chain. (b) DNA
backbone with amino acid side chain. (c) DNA major groove with the amino acid main
chain. (d) DNA major groove with amino acid side chain. (e) DNA minor groove with the

amino acid main chain. (f) DNA minor groove with amino acid side chain.

Since we have a small dataset, to make meaningful inferences about hydrogen bond
preferences, we needed to employ statistical tests over these data. Hoffman et al. [32]
used x2 tests to delineate statistically significant and non-significant differences in the
interaction patterns. However, one of the caveats of this method is that it is not suitable
when the number of observations or the expected value is less than 5. Considering that we
have lesser data in the case of some of the nucleotides, we need an alternative to the x2
test. Fisher's Exact test is one of the statistical tests that provides relatively more accurate

results for scarce data [221].

Fisher's test gives an odds ratio, i.e., the number of observed instances with the
number of instances that can occur randomly. An odds ratio >1 implies a favourable
interaction, while a value <1 indicates an unfavourable interaction. Each of these odds
ratios also has a p-value associated with it. All interactions with a p-value less than 0.05
were considered significant (95% confidence). We performed Fisher’s exact test on each
of the six nucleotide-amino acid interaction types (Figure 2.5). The odds ratio values are in

brackets for all statistically significant interactions.
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2.1.2.3.1 DNA-backbone with the main chain of amino acids

Since the DNA backbone is the same irrespective of the identity of the nucleotide,
we did not expect its interaction with the main chain of the amino acid to show
preferences. However, we observed a statistically significant preference in six cases
(Figure 2.5 (a)). Phenylalanine (2.8) and arginine (1.6) main chains showed a positive
preference for adenine whereas serine (0.6) showed a negative preference. There were
favourable interactions between the glutamate-cytosine (3.3) and histidine-thymine (2.2)
pairs with the main chains of these amino acids mediating the interaction. Lysine exhibited

an unfavourable interaction with guanine (0.6).

2.1.2.3.2 DNA-backbone with the side chain of amino acids

Amino acid side chains exhibit chemical properties that dictate the likelihood of their
interaction with the DNA backbone. The Fisher's Exact test had eight statistically
significant interactions (Figure 2.5 (b)). We observed one amino acid that bound
favourably to each nucleotide and one that did not. Adenine with asparagine (1.3) had a
positive preference, while there was a negative preference with threonine (0.7). The
positive preference of cytosine was towards lysine (1.3), whereas tyrosine (0.7) had an
unfavourable binding to it. Guanine-histidine (2.1) interaction was favoured, while guanine-
cysteine (0.3) was not. Finally, the interaction of thymine with cysteine (3.3) had a positive

preference but not with lysine (0.8).

04’ atoms of the DNA backbone had a higher propensity to interact with arginine
than other amino acids with ~55% of interaction between them (Figure 2.6). The O4' atom
is in the minor groove, and there is a single hydrogen bond acceptor on the nucleotide that
faces the minor groove. Due to the proximity of this acceptor to the O4' atom, when
arginine interacts with the minor groove nucleotides, it can make a hydrogen bond with the

O4' atom leading to the apparent preference of arginine towards the O4' atom.
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2.1.2.3.3 DNA major groove atoms with the main chain of amino acids

Due to the unique pattern of donors and acceptors in major and minor grooves (as
shown in Chapter 1, Section 1.2, Fig. 3), the propensities of amino acids to interact with
the nucleotides would depend on the grooves. The main chain atoms of amino acids show
statistically significant preferences for six nucleotide-amino acid interaction pairs in the
major groove (Figure 2.5 (c)). These six interactions were composed of two favourable and
one unfavourable interaction for both cytosine and guanine. Lysine (4.5) and proline (7.6)
had a positive preference for cytosine, while glycine (0.2) had a negative preference.
Guanine showed favourable interaction with glycine (5.2) and histidine (2.9), whereas it

exhibited an unfavourable interaction with alanine (0).

2.1.2.3.4 DNA major groove atoms with the side chain of amino acids

The interaction of the side chain of amino acids with the atoms of nucleotides
exposed to the major groove showed the maximum preferences among all interactions
(28) (Figure 2.5 (d)).

Aspartate (196.7) and glutamate (45.9) only had a positive preference for cytosine
and a negative or insignificant preference (adenine-glutamate) for all other interactions
with nucleotides. Asparagine and glutamine had the same trend for binding with positive
preference for adenine (4.0 and 7.9, respectively) and thymine (1.6 and 1.7, respectively)
and a negative preference for guanine (0.2 and 0.1, respectively). Serine and threonine
also share common preferences with a favourable interaction towards adenine (2.5 and
2.2, respectively) and cytosine (1.3 and 3.8, respectively) and an unfavourable one
towards guanine (0.4 and 0.2). The cytosine-serine interaction is not statistically
significant. However the odds ratio is greater than 1, indicating its favourable nature albeit
with lower confidence. Thus, similar functional groups have the same trend in hydrogen

bond preferences.

Histidine had a propensity to interact with only cytosine (2.2) and its interaction with
the other three nucleotides was not significant. Tyrosine also has a positive preference for

cytosine (2.6) and adenine (3.4) but has a negative preference for guanine (0.3).
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Lysine and arginine exhibited a similar preference, where they favoured interacting
with guanine alone (3.5 and 5.8, respectively). They had a negative preference for adenine
(0.2 and 0.3, respectively) and cytosine (0.03 and 0.02, respectively), and the preference
toward thymine was not statistically significant. Despite the similarity in preferences, in
some proteins, the replacement of arginine by lysine leads to loss of specific binding [222],
whereas in others, it is inconsequential [223]. If both the amino acids have an equal

preference for guanine, these differences need to be studied further.

2.1.2.3.5 DNA minor groove atoms with the main chain of amino acids

The pattern of donors and acceptors in the minor groove is different for A/T pairs
and G/C pairs, but it cannot differentiate between A/T and T/A or G/C and C/G base pairs).
Thus, we expected the minor groove to have preferential hydrogen bond interactions but
not as pronounced as the major groove. But when the main chain interactions were
analysed by Fisher’s Exact test, there were the same number (six) of statistically

significant hydrogen-bonded pairs as the major groove (Figure 2.5 (e)).

Arginine main chain had a positive preference for adenine (6.6) and a negative one
for guanine (0.0) atoms in the minor groove. Alanine (3.9) and serine (6.0) preferred
interaction with cytosine. The interaction of isoleucine (inf) was the most favourable for

guanine, and glycine (2.3) interacted most favourably with thymine.

2.1.2.3.6 DNA minor groove atoms with the side chain of amino acids

As we had expected, the minor groove interactions show fewer statistically significant

preferences (10) than the major groove (28) (Figure 2.5 (f)).

Both aspartate (inf) and glutamate (inf) show a positive preference for guanine
interaction and non-significant for other nucleotides. Asparagine (4.2) and glutamine (17.7)
also exhibit a positive preference for guanine, while arginine (0.1) has a negative
preference. Adenine did not have a favourable interaction and instead it had a statistically
significant unfavourable interaction with glutamine (0.0). Cytosine did not have any

statistically significant preferences. Arginine-thymine (3.1) interaction was favourable.
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However asparagine (0.3), glutamine (0.04) and tyrosine (0.3) had an unfavourable

interaction with thymine.

Table 2.2: Normalized amino acid-nucleotide hydrogen bond distribution in the training set.
The amino acids and nucleotides are represented in single-letter codes. Mc, Sc, bb, MJ
and MN stand for amino acid main chain, amino acid side chain, DNA backbone, major

and minor grooves, respectively.

Amino Mc-bb Sc- bb Mc-MJ Sc-MJ Mc- MN Sc- MN

acids |A|Cc|G|T|A|C|G|T|A|C|G|T|A|C|G|T|A|C|G|T|A|C|G|T

04/05/06|05/00(00|00|00(00|0.2(00/0.1|00/00/00/00/00/0.1/0.1/0.1/0.0]0.0/{0.0]0.0

A
C 01/01/02|000202|01/06/00/00/00(00({00(0.0|04|02|00/|00|00|00|00|00|0.0]|0.0
D

02020504 /00(00|00|00(01|0.1(0.1/00|0.2/24/00/0.0/0.0/0.0/0.0/0.0/0.0[0.0{0.5]0.0

E 01/10/03|06|0.0|00|00/00/01/01/00(0.0({0.8]28|0.0{0.0{0.0/0.0|02|00|0.0|0.0/0.7|0.0

F 05/01/02|02/00(00|00|00(00|0.1({00/00|{00/00/00/00/00/00/0.0/0.0/0.0/]0.0{0.0]0.0

G 03/03/05|04/00|00|00/00/00/00/0.1{00({0.0/{0.0{0.0{0.0|0.0/0.0|0.1/0.1/0.0/|0.0/0.0/|0.0

H 01/01/01/03|05/04|08|04|00|00(00/00|0.2(02/06|0.2/0.0/0.0|0.1/0.0{0.1]0.0/0.1]0.1

| 03/04/04|05/00|00|00/00/01/00/00({0.1/{0.0[{0.0{0.0{0.0|0.0/0.0|0.2/00|0.0|0.0/|0.0/|0.0

K 05/06/04|05/ 16(16|16(15|0.0|02(0.1/00|0.2/0.0/3.1/04,00/0.1/0.1/0.0/0.2]0.1/0.1]0.3

L 06/0610|06|0.0|00|00/00/00/00/00({0.0({0.0[{0.0{0.0{0.0|0.0/0.0|03|00|0.0|0.0/|0.0/0.0

M 01/01/02|01/00|00|00/00/00/00/00({00({00|0.0{0.0|0.0|0.0|00|00|01|00|00|0.0|0.0

N 03/03/03{03(11{07({09/10/0.1/01/00|00/09/02/0.7/04/0.0|0.0|0.1/0.0|0.1/0.1/0.2|0.1

P 0.0/0000|00|00|00|00/00/00/01/00({00({0.0/0.0{0.0{0.0|0.0/0.0|0.1|/00]0.0|0.0|0.0]0.0

Q 02/02/03|04/10(08|10(09|00|0.1(00/00{1.2/02/03/04,00/00/0.1/0.0/0.0]0.1/0.3]0.0
R 06/04/04|/05/15(13|14|17|/00|0.1(/0.1/00|03/00/27/04/01/00/0.0/0.1/0.2|0.1/0.0/0.4
S 03/04/05(05/12({11|14|15|/00|0.1/0.1/00{10/03/1304,0.0/0.1/0.0/0.0/0.1]0.1/0.2]0.2
T 03/03/03|03/08(09|12{13|0.0|0.1(0.0/00|08|06/06|04,0.0/00/0.0/0.1/0.1]0.1]/0.1]0.2
\Y 05/03/04|04/00(00|00|00|02|00(00/00|00|00/00|00/00]|00/02|0.0/0.0]0.0]{0.0]0.0
w 01/01/02|00/02|03|02/04/00/00/00({0.0({0.0[{0.0{0.0{06|0.0/{0.0|0.0|00|0.0|0.0/0.0/0.0
Y 02|01/04/02/08/05|08|08(00|0.1/00/00|07/03/05|0.1/0.0/0.0{0.0/0.0{0.1]0.1/0.1]0.1
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(a)

(b)

(c)

(d)

(e)

®

A C D E F G HIT K L MNUPOQIRST VWY
A] 077 | 082 | 0.62 | 0.17 086 | 078 | 0.67 | 1.33 | 0.92 | 1.24 | 0.91 | nan 0.96 _ 060 | 1.15 | 1.68 | 0.82 | 0.82
C|] 110 | 1.38 | 0.61 0.50 | 091 | 058 | 1.19 | 1.38 | 0.81 | 1.21 | 1.37 | nan 0.61 | 0.80 | 1.01 1.01 | 080 | 117 | 0.61
G| 120 | 278 | 156 | 048 | 061 | 131 | 065 | 0.88 | 061 | 1.58 | 1.29 | 0.75 | nan 1.04 | 074 | 110 | 095 | 0.89 | 2.44 | 2.20
T| o095 0.00 1.33 I 1.21 I 0.82 0.93 1.32 0.87 0.78 0.44 1.04 nan 1.47 1.03 1.35 0.92 0.80 0.30 0.70
A C D E F GH I KL MNUP QR ST V WY
A|] nan 0.51 nan nan nan nan | 0.83 l nan 1.01 nan nan nan 1.17 1.06 0.88 0.70 nan 0.65 1.12
C| nan 0.92 nan nan nan nan 0.91 nan nan nan 0.76 nan 0.94 1.06 0.94 0.98 nan 1.47 0.69
G| nan 0.29 nan nan nan nan nan 0.98 nan nan 0.97 nan 1.11 0.85 1.15 1.18 nan 0.66 1.14
T| nan nan nan nan nan 0.53 | nan I 0.81 I nan nan 0.97 | nan 0.81 1.05 1.04 1.17 | nan 138 | 1.05
A C D E F GH I K L MNUP QIR ST VWY
Al 042 nan 3.53 | 473 | 0.88 I 0.78 I 0.00 I 4.50 | 0.00 | nan | 0.00 | 2.34 | 0.88 | 0.00 | 062 | 1.22 | 110 inf 0.00 | 2.23
C| 268 nan | 0.56 | 071 | 1.46 | 0.25 | 0.60 | 0.00 nan | 047 | 0.86 1.08 | 0.86 | 1.48 | 226 | 0.00 | 0.00 | 2.93
G| 0.00 nan 1.09 0.00 0.53 0.00 0.66 nan 2.78 0.38 0.00 1.09 2.86 1.09 0.00 0.00 0.00 0.00
T 261 nan | 0.00 | 1.30 | 1.30 | 0.71 1.66 | 6.65 I 0.43 I nan 219 | 143 I 0.00 I 2.71 | 0.00 | 0.00 | 1.66 | 0.00 inf 0.00
A CD E F GH I K L MNUP QI RST VWY
A| nan 0.00 0.34 1.31 nan nan 0.90 nan I 0.24 I nan nan L 0.00
C| nan 0.00 nan nan nan 0.03 nan nan 0.00
G| nan 1.21 0.00 nan nan 0.68 nan nan nan 0.00 0.29
T|] nan 3.96 I 0.00 I 0.10 I nan nan I 1.17 I nan 0.95 | nan nan nan inf I 0.55 I
A CD E F GH 1T KL MNUPOQRST VWY
A] 0.00 | nan nan 0.00 | nan 0.73 | 0.00 I 0.00 I 0.57 | 0.00 | 0.00 | 2.72 | 0.00 | 0.00 0.63 | 2.24 | 0.00 | 0.00 | 0.00
C nan nan 0.00 nan 0.38 0.00 0.00 1.41 0.00 0.00 0.91 0.00 1.40 0.51 1.38 0.00 inf 0.00
G| 066 | nan nan inf nan 0.97 inf 1.32 inf 0.00 | 1.56 inf 3.22 | 0.00 I 0.38 | 0.00 inf 0.00 | 1.82
T] 080 I nan nan 0.00 | nan u 0.00 | 0.00 | 0.71 | 0.00 inf 0.20 | 0.00 | 030 | 2.14 I 0.46 l 2.23 | 0.00 | 0.00 | 2.20
A CD E F GH I K L MNUPOQIRST VWY
Al nan nan | 0.00 I 0.00 l nan nan 1.21 nan 1.20 nan nan I 0.82 | nan I 0.00 I 1.56 0.54 0.51 nan nan 2.00
C nan nan 0.00 | 0.00 nan nan 0.00 nan 1.07 nan nan 0.77 nan 1.22 1.13 1.04 0.74 nan nan 1.10
G| nan nan nan nan 3.25 nan 0.55 nan nan 4 m 6 ‘ 0.08 1.99 1.27 nan nan 1.71
T| nan nan 0.00 0.00 nan nan 0.47 nan 1.20 nan nan 0.34 nan 0.04 \ 0.81 1.43 nan nan 0.28

Figure 2.5: Hydrogen bond preferences in the training set.

The nucleotide bases and amino acids are represented as single-letter codes. The values
inside the boxes are the odds ratio values from Fisher’s Exact test. The interactions not
significant at a 95% confidence level are white. The remaining interactions are coloured
blue and pink for significantly favourable and unfavourable interactions, respectively. The
subplots show the frequency of interaction of atoms of (a) The amino acid main chain with
the DNA backbone. (b) The amino acid side chain with the DNA backbone. (c) The amino
acid main chain with the atoms in the major groove of DNA. (d) The amino acid side chain
with the atoms in the major groove of DNA. (e) The amino acid main chain with the atoms

in the minor groove of DNA. (f) The amino acid side chain with the atoms in the minor

groove of DNA.
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Figure 2.6: Atom-wise frequency of amino acid-DNA backbone hydrogen bonds.
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The x-axis has amino acids in single-letter representation. The observed frequency(%) of
the 5 DNA backbone atoms -O3’ (cyan), O4’ (purple), O5’ (violet), OP1 (pink), and OP2
(maroon) is on the y-axis. The error bars represent variation across different PDBs.

We also analysed the overall preference of an amino acid-nucleotide pair. We
combined the major and minor groove hydrogen bonds to get amino acid-nucleotide
interaction frequencies. The phosphate backbone was common in all four nucleotides and
would not contribute toward specificity in a generalized scenario. Therefore backbone

interactions were not considered further in the analysis.

As observed in section 2.1.2.3.4, the amino acids with similar functional groups
have similar preferences in the major groove, which form the majority of all base-specific
hydrogen bonds (75%). We could observe statistically significant interactions among these

interactions in 28 out of 80 possible interaction pairs. Thus, to increase the confidence in

the propensities we grouped amino acids with similar hydrogen bonding functional groups
together. Aspartate and glutamate formed the DE class, asparagine and glutamine the NQ
class, serine-threonine the ST class, and all main chains were clubbed into the Mc class
(Figure 2.7). In the ideal scenario, all these would be allotted individual preferences, but

we had to group these amino acids in the paucity of data.
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We performed the Fisher’'s Exact test with these data, with the major and minor

grooves combined and the similar functional groups containing amino acids merged (Table

2.3). The preferences in this merged set are similar for all amino acids except the Mc

class. While the main chain interactions were not statistically significant before grouping

data, after merging, the Mc class shows significant positive (cytosine and thymine) and

negative (guanine) preferences. We could marginally improve the statistically significant

data from 35% to 45% without the loss in preferential interaction trends.

0 o) o)
N o N o N on
Q NH2 @
Aspartate Glutamate Asparagine Glutamine
DE Group NQ Group
\\ NHQ
Other amino acid
NH
Proline Main chains
Serine Threonine Main chain
ST Group Mc Group

Figure 2.7: Merging amino acids with similar hydrogen bond forming functional groups.

Oxygen and nitrogen atoms are in red and blue, respectively. The hydrogen bonding

groups are encircled in purple.
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Table 2.3: Statistical propensity of nucleotide-amino acid interaction in the training set.
The red and blue cells indicate negative and positive preferences, respectively (significant
at 95% confidence). The nucleotides (columns) and amino acids (rows) are represented in

single-letter format along with grouped amino acids described in section 2.1.2.3.

A Cc G T
Amino acids | Count | Odds ratio | Count | Odds ratio | Count | Odds ratio | Count | Odds ratio

C 0 0 0 0 2 1.79 1 247
DE 21 0.71 124 42.47 8 0.04 1 0.03
1 0.91 1 1.44 35 1.01 9 0.78

28 0.39 10 0.20 240 2.55 54 0.96

Mc 52 0.87 101 4.05 99 0.36 69 1.41
NQ 180 4.28 48 0.88 133 0.35 70 0.95
R 189 0.42 51 0.12 1066 3.22 284 1.16
ST 63 1.98 33 1.31 79 0.49 41 1.17
w 0 0 0 0 0 0 1 inf
Y 33 3.06 16 1.7 27 0.41 8 0.51

2.2 Comparing hydrogen bonds across DNA-binding protein

families

We compared unrelated (non-homologous) structures using CLICK to delineate
specificity determinants. CLICK allows topology-independent superimposition with user-
defined representative atom selection (refer to Chapter 1, section 1.6.1). Therefore, we
aligned non-homologous structures to find atomic-level similarities. The selection of
representative atoms introduces flexibility of alignments, facilitating modular
superimpositions. We hypothesized that due to the crucial nature of DNA-protein
specificity, there would be similarities in hydrogen bond orientations in different DNA-
binding protein families. Therefore, we chose hydrogen bond donors and acceptors in
nucleotides as representative atoms. The adjacent nucleotides could influence the
hydrogen bonding partner of nucleotides. Thus, we performed three kinds of

superimpositions-
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Mononucleotide superimpositions: We superimposed all hydrogen-bonded nucleotides in

the dataset.

Dinucleotide superimpositions: We superimposed dinucleotides which were of two types.
The first type was composed of the hydrogen-bonded nucleotide with its 3’ neighbour (First
nucleotide). The second type contained the hydrogen-bonded nucleotide with its 5’

nucleotide. The adjacent nucleotide, in this case, may or may not be hydrogen-bonded.

Trinucleotide superimposition: We superimposed hydrogen-bonded nucleotides with their
3’ and 5’ adjacent nucleotides. The neighbouring nucleotides on either side may or may

not be hydrogen-bonded.

The superimpositions were restricted to the same composition and interaction type.
For example, a cytosine major groove atom interacting with an amino acid side chain was
superimposed with another cytosine in the dataset that had a side chain interaction via its
major groove atom. A successful overlap is where the hydrogen-bonded amino acid
donors/acceptors in the aligned substructures have a distance of less than 1.5 A (Figure

2.8). We calculated the frequency of amino acid-nucleotide interactions in all these
successful overlaps.

N 3 . s
AA

PDB: 2PUE A PDB: 1CMA
PDB: 1A0A PDB: 1A0A

(b)

(c)

PDB: 5AK9
PDB: 1A0A

Figure 2.8: Definition of hydrogen bond overlap.
The nucleotide adenine (A) is in grey and cyan, and the amino acids threonine (salmon)

and glutamate (blue) are represented in 3 letter codes. The elements O, N and P are
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shown in red, blue and yellow colours, respectively. The black dotted lines show the
hydrogen bond. Distance between the amino acid hydrogen bond acceptors is in magenta
and indicates hydrogen bond overlap in (a) and no hydrogen bond overlap in (b) and (c).
The PDB codes for the superimposed structures are given at the bottom right of the

subplot.

Since we aimed to find family-independent specificity features, we analysed
whether the successful overlaps (indicating similar binding orientations) belonged to the
same fold or a different fold. Thus, we assigned CATH IDs to the residues [137,138].
CATH is a protein structure database and annotates folds to regions in the proteins.

Wherever a CATH ID was unavailable for assignment, we labelled the fold ambiguous.

A majority (56.7%) of the successful overlaps belonged to a different fold. In
comparison, 36.5% belonged to the ambiguous fold, and only 6.8% belonged to the same
fold (Figure 2.9 (a)). Since our dataset was non-redundant, many proteins would have
different folds. If the hydrogen bond interaction modes were different for each DNA-binding
structural class, we would have observed maximum superimposition with the same fold.
However, this was not the case, further strengthening our argument on the universality of

hydrogen bonding interaction modes.

We further checked if the root mean square deviation (RMSD) between donors and
acceptors in the superimposed structures was larger when the two amino acids had
different folds (Figure 2.9 (b)). There are more superimpositions with RMSD between
hydrogen bond donors and acceptors <0.5 A for the same fold (35%) as compared to
different (25%) or ambiguous fold (24%). The median distance for same, different and
ambiguous folds is 0.65 A, 0.76 A and 0.75 A, respectively. One-way ANOVA [224] test at
a 95% confidence deems the three distributions different. So there is a better
superimposition when the two amino acids belong to the same fold. The difference
between the means is 0.1 A, which is small compared to the resolutions of the structures

in our dataset.
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Figure 2.9: Fold-wise analysis of RMSD of superimposed nucleotides.

The same, different and ambiguous fold superimpositions are in pink, blue and black,
respectively. (a) Distribution of superimposed folds with their relative frequency (%). (b)
Distribution of the frequency (%) of RMSD (A) in different fold types.

2.2.1 Mononucleotide superimpositions

To obtain information about amino acid preferences, we analysed the hydrogen
bonds of the superimposed nucleotides. 22 % of all mononucleotide superimpositions
resulted in hydrogen bond overlap. While 22% and 31% of the superimpositions resulted in
hydrogen bond overlap in the major and minor grooves, respectively. The hydrogen bond
conservation is highest for cytosine, followed by adenine, guanine and thymine (Table 2.4).
99.25% of the backbone alignments did not have hydrogen bond overlap. This supports
our argument for not using backbone hydrogen bonds to explain family independent amino

acid-nucleotide specificity.

We computed the frequency of superimposition of amino acids (Table 2.5 (raw
numbers)). The major groove main chain interactions were most conserved for cytosine in
almost all amino acids (exceptions-glutamate, serine and asparagine). The minor groove
main chain interactions were most conserved for guanines. The major and minor groove
interactions with side chains show variability in conservation depending on the amino acid-
nucleotide pair. Therefore, the overall preferences are likely to be influenced most by these

interactions.
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We calculated the total interactions of a nucleotide-amino acid pair (including major
and minor grooves) and analysed the preferences using Fisher's Exact test (Figure 2.10).
All the statistically significant nucleotide-amino acid interaction preferences observed
before superimposition (Table 2.3) were retained after superimposition as well. The
superimposition reinforced the preferences that were too weak to be recognized. After
superimposition, the statistically significant preferences increased from 18 to 37 out of 40.
Thus, we could obtain statistically significant preferences for most of the nucleotide-amino

acid pairs.

C DE H K Mc NQ R ST W Y

Figure 2.10: Nucleotide-amino acid interaction preferences in the superimposed
mononucleotides.

Numbers inside the cells are the values for the odds ratio obtained from Fisher’s Exact
test. The nucleotide bases and amino acids/groups are shown in single-letter codes. The
non-significant interactions at 95% confidence level are white. The remaining interactions

are coloured blue and pink for significantly favourable and unfavourable interactions.

Table 2.4: Mononucleotide superimposition frequency.
The nucleotides are shown in single-letter codes and Mc and SC stand for amino acid

main chain and side chain, respectively.

Nucleotides Category major_Mc | major_SC | minor Mc | minor_SC | Average (%)
Superimposed 130 15700 96 3702
A Total 882 88466 290 8654
% Superimposed 14.7 17.7 33.1 42.8 271
Superimposed 2222 18088 186 1158
C Total 5128 41518 708 3984
% Superimposed 43.3 43.6 26.3 29.1 35.6
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Superimposed 290 104108 958 984
G Total 1280 505664 2194 6778
% Superimposed 22.7 20.6 43.7 14.5 254
Superimposed 104 10620 462 6506
! Total 522 56050 1806 21228
% Superimposed 19.9 18.9 25.6 30.6 23.8

Table 2.5: Amino acid-nucleotide mononucleotide superimposition frequency.
The amino acids are in rows, and nucleotides are in columns in single-letter codes. Mc and

SC stand for amino acid main chain and side chain, respectively.

major_Mc major_Sc minor_Mc minor_Sc

Al C |G | T A C G T Al C G | T A c | G T
A| 1 1240 0 9 0 0 0 0| 53 | 90 | 15 0 0 0 0
c| o0 0 0 0 0 140 54 0 0 0 0 0 0
D|12 |91 |22 | 0 | 231 | 7074 0 0 0 0 0 0| # 0
E |16 19| O 1 484 | 5247 0 0 0 0 0 0| 10 0
F| 0 [127] 12 | O 0 0 0 0 0 0 0 0 0 0
G |15 |227| 91 | 16 0 0 0 0 35| 24 | 349 1285 O 0 0 0
H| O |95 46 | 10 | 142 | 203 | 2644 | 319 | O 6 0 2 0| 4 14
I 5 0 0 7 0 0 0 0 0 48 | 0 0 0 0 0
K| 0 307 22| 0 | 699 1 17061 | 1164 | 2 | 18 | 125 | 18 | 611 |127| 130 | 1031
L| O 0 0 0 0 0 0 0 0 0 0 0 0 0
M| O 6 1 0 0 0 0 0 0 0 0 0 0 0 0
N | 46 |301| 41 | 42 | 3490 | 1961 | 3862 | 1659 | 20 | 22 | 142 | 19 | 331 131|277 | 236
P | 2 |152 0 0 0 0 0 0 56 | 0 0 0 0 0
Q 132 18 | 4642 | 428 | 1416 | 1237 | O 0 | 108 | 4 0 |70 [170| 16
R| 3 |139, 30 | O |3685| 16 | 73495 5063 |37 | O 0 | 97 | 2306 |673| 214 | 4759
S |26 139 16 | O | 1492 | 983 | 4005 | 615 | 1 | 66 3 | 18 | 219 |108| 61 | 265
T | 4 |155| 0 0 | 310 | 1068 | 497 393 | 1 0 0 3 54 | 8 | 16 | 73
V|0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Wi | o 0 0 0 0 0 0 43 0 3 0 0 0 0 0 0
Y| 0 92| 0 0 | 525 | 1107 | 988 73 0 0 29 | 3 | 179 | 41| 61 | 112
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2.2.2 Dinucleotide superimpositions

We observed preferential hydrogen bond interaction in mononucleotide alignments.
We further hypothesized that the neighbouring amino acids could influence the specificity
of the interaction. Therefore, we extended this approach to aligning dinucleotides.
Depending on the neighbour included in the dinucleotide (3' end or 5' end), there were two
alignments: where the first nucleotide is hydrogen-bonded and when the last nucleotide is
hydrogen-bonded. With the first nucleotide bonded, 15.5% of the alignments resulted in
hydrogen bond overlaps. 16.5% of superimpositions had hydrogen bond overlap with the
last nucleotide hydrogen-bonded. The amino acid preferences for some amino acids
changed based on the identity of the neighbour. We quantified these preferences using

Fisher's Exact test (Figure 2.11).

We observed that DE preferably bound cytosine regardless of the neighbour at the
5' end or 3' end. The following interactions were favourable when the neighbour was only
at the 3' end (the neighbour is mentioned in brackets)- lysine-adenine (guanine), arginine-
adenine (guanine), ST class-guanine (adenine), Mc class-guanine (cytosine), arginine-
guanine (guanine), lysine-guanine (thymine), cysteine-guanine (thymine), ST class-
thymine (adenine), Mc class-thymine (guanine) and, ST class-thymine (guanine). Some
interactions were more preferred only if the neighbour was at the 5' end (the neighbour is
mentioned in brackets) — NQ class-adenine (guanine), ST class-adenine (guanine), Mc
class-guanine (adenine), cysteine-guanine (guanine), ST class-guanine (thymine), lysine-

thymine (adenine), ST class-thymine (cytosine) and arginine-thymine (guanine).

Guanine-arginine hydrogen bond formed a special case where the interaction was
preferred when the adjacent guanine was at the 3' end but not when it was present at the
5' terminus. ST has the most change in preference depending on the neighbour location at
the 3' or 5' end. Guanine binding preferences were the most affected by the identity of the
adjacent nucleotide. Cytosine binding preferences were unaffected by the identity of the
adjacent nucleotide. Guanine as a neighbour changed the hydrogen bonding preference of

adenine to the maximum extent.
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(a) 3C DE H K Mc NQ R ST

(b) 5'

Figure 2.11: Nucleotide-amino acid preferences of superimposed dinucleotides.

The nucleotide bases (adenine (red), cytosine (yellow), guanine (purple), thymine (green))
and amino acids/groups are represented in single-letter codes. Numbers inside the cells
are the values for the odds ratio obtained through Fisher’s test. The interactions not
significant at a 95% confidence are white. The remaining interactions are coloured blue
and pink for significantly favourable and unfavourable interactions, respectively. The
preferences of the cells with slanted lines on them differ when the neighbour is at the 3' or
5" end. (a) The first member of the dinucleotide is hydrogen-bonded, and the neighbour is
at the 3' end (Raw data Appendix 4). (b) The second member of the dinucleotide is
hydrogen-bonded, and the neighbour at the 5' end (Raw data Appendix 5).
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2.2.3 Trinucleotide superimpositions

We observed preferences among mononucleotides and dinucleotides. The
dinucleotides revealed different preferences depending on the neighbour at the 3' or 5'
end. Therefore, we wanted to study the effect of both 3' and 5' neighbours together. Thus,
we performed trinucleotide CLICK superimpositions with a central hydrogen-bonded
nucleotide and adjacent nucleotides on either side. The adjacent nucleotides were not
required to be hydrogen-bonded. We observed hydrogen bond overlap in 33% of all
alignments. 34% of the major groove alignments and 30% of the minor groove alignments

had hydrogen bond overlap.

We obtained context-specific preferences by analysing the spatial conservation of
hydrogen bond donors and acceptors in aligned hydrogen-bonded trinucleotides. The
major and minor groove amino acid counts were merged to analyse preferences and
quantified using Fisher's test (Figure 2.12). Cysteine was only hydrogen-bonded
favourably with guanine when another guanine was at the 5' end, and thymine was at the
3' end. DE class interaction with guanine was never favoured, while binding to cytosine
was almost always favoured regardless of the neighbour. Lysine was only hydrogen-
bonded with adenine when thymine was at the 5' end and guanine was at the 3' end.
Tyrosine and the NQ class favoured binding guanine only when it had adenine at both
ends. Tyrosine favoured binding thymine only when it had cytosine at both ends. ST class-
thymine binding was unfavourable only with guanine at the 3' and cytosine at the 5'

terminus.

The preference of arginine towards guanine is well known. Therefore, it is interesting that
arginine- guanine interactions are unfavourable when the trinucleotides are AGA, GGG
and GGT. Negative preference was comparatively stronger with lysine and arginine
interaction with cytosine. They did not exhibit a statistically significant interaction or show

an unfavourable association irrespective of the 3' and 5' neighbour.

In 199 of 640 nucleotide-amino acid pairs, the preferences were statistically
significant in di- (both 5’ and 3’ neighbours) and trinucleotides. We analysed these 199

interactions and noticed that in 34 cases, the preference was not the same between the
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two types of di- and trinucleotides (Table 2.6). In 8 cases, the first and last dinucleotide had
the same preference, but trinucleotide had a different preference. In 21 cases, the
trinucleotide and last dinucleotide (hydrogen-bonded nucleotide with 5’ neighbour) had the
same preference, and it was reversed in the first dinucleotide (hydrogen-bonded
nucleotide with 3’ neighbour). The last 5 cases belonged to the class where the preference
was the same for the first nucleotide and trinucleotide but not for the last nucleotide. From
these data, we can infer that the 5’ neighbour has a more considerable influence on the

specificity of the amino acid-nucleotide preference than the 3’ neighbour.

In the 165 cases, where the preferences of di- and trinucleotides were the same,
DE class interactions were most frequent (35/165). Guanine and cytosine were the
hydrogen-bonded central nucleotide in 55 and 54 cases respectively (Appendix 7). We had
noticed earlier that cytosine preference toward the DE class is not dependent on the
adjacent nucleotide. Arginine and Lysine, which have a preference toward guanine, also
have 29 and 27 statistically significant preferences. Both these cases could contribute to

similar di- and trinucleotide preferences.

All 64 trinucleotides had statistically significant preferences, among which 5 had
only positive preferences, and the remaining had both positive and negative preferences.
The blank cells indicating a lack of sufficient data make up 384//640, i.e., 60% of the total
possible interactions. Therefore, with an increase in the available structures for DNA-

protein complexes, we expect the specificity determinants to be more apparent.
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3 C DE H K Mc NQ R ST

0.00 0.00 0.00 0.36
\ 0.00 0.00 0.00 3.34 0.00 1.31 2.47

0.00 [ 0.00 | 0.00 | 1.39 | 0.00 0.00 | nan | 0.00
0.00 0.00 0.00 nan | 0.00
0.00 [ 059 [ 0.00 | 031 [ 000 | 1.72 nan | 4.74
0.00 0.00 0.00 091 [ nan | 2,94
0.00 | 0.45 | 0.00 0.00 118 | 035 | nan | 1.14
0.00 | 0.00 | 0.00 0.00 nan | 4.04
0.00 [ 0.00 | 000 | 0.21 | 0.00 0.00 | nan
0.00 0.00 0.00 nan | 0.00
0.00 0.00 0.00 | 0.97 0.53 | nan | 0.00
0.00 | 0.00 | 3.8 0.00 2.63 | nan | 0.00
0.00 0.00 0.00 0.86 | 0.64 | nan

[ ] 000 | 0.00 | 1.63 0.00 nan | 0.00
0.00 0.00 0.00 | 1.00 1.73 | nan
0.00 0.00 1.05 | nan
0.00 0.00 0.00 | 1.72 0.00 | nan | o0.00
0.00 0.00 2.04 051 | nan | 0.00
0.00 | 7.36 | 0.00 | 0.00 | 0.00 | 3.06 nan | 0.00
0.00 0.00 | 0.00 2.67 | nan | 0.00
0.00 0.00 1.76 2.08 | nan [ 0.00
0.00 0.51 0.96 | nan | 0.00
0.00 0.00 | 1.08 0.39 0.99 | nan -
0.00 0.00 | 0.00 | 0.00 | 0.00 0.00 | nan | 0.00
0.00 0.00 0.00 nan | 0.00
0.00 0.00 0.83 nan | 0.00
0.00 0.00 | 0.00 2.17 | nan | 0.00
0.00 [ 0.00 0.00 [ 0.00 | 1.02 433 | nan
0.00 0.00 nan
0.00 0.00 | 029 | 0.00 | 1.02 0.44 | nan
0.00 [ 1.47 | 0.00 | 0.80 | 0.00 | 0.00 | 0.80 nan | 0.00
0.00 [ 0.00 | 0.00 | 0.00 9.19 0.00 [ nan | 0.00
0.00 0.92 | nan
0.00 1.67 | 1.22 nan | 0.00
0.00 0.00 nan
0.00 0.36 nan | 0.22
0.00 | 0.00 | 0.00 | 0.88 | 0.00 | 145 | 0.90 nan | 0.00
0.00 0.00 nan | 0.00
0.00 076 | 1.16 | 0.00 | 1.10 nan
0.00 nan
0.00 1.37 0.00 0.97 nan
0.00 0.66 0.81 0.70 | nan
0.00 nan

1.31 nan
0.00 nan

[ ] 0.00 0.00 nan
0.00 nan
0.00 1.22 nan
0.00 [ 0.00 | 0.00 | 1.86 0.48 0.44 | nan | o0.00
0.00 0.00 | 1.60 nan | 0.00
0.00 | 0.00 | 0.00 | 1.86 | 0.00 nan | 0.00
0.00 [ 0.00 | 0.00 | 2.01 0.00 [ nan | 0.00
0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 1.53 | 3.76 | 0.00 | nan | 0.00

[ | 0.00 | 0.00 | 0.00 0.00 | 0.40 0.00 | nan -
0.00 [ 0.00 | 000 | 111 | 0.00 | 2.63 | 0.50 | 3.47 | nan | 0.00
0.00 | 0.00 | 0.00 | 0.00 | 830 | 1.84 | 062 nan | 0.00
0.00 [ 0.00 | 0.00 | 0.76 | 0.00 1.21 | 0.35 | nan | 0.00
0.00 0.00 nan | 0.00
0.00 0.00 | 0.71 | 0.00 078 | 1.61 | nan [ 0.00
0.00 0.00 0.00 | 097 | 0.95 | 0.52 | nan [ 0.00
0.00 0.83 | 0.72 nan | 0.00
0.00 [ 0.00 | 0.00 | 0.83 | 0.00 0.00 | nan | o0.00
0.00 | 0.00 | 0.00 | 056 052 [ 0.82 | nan [ 0.00
0.00 | 0.00 | 1.33 | 0.26 nan | 0.00

Figure 2.12: Nucleotide-amino acid interaction frequency of superimposed trinucleotides.

The nucleotide bases (adenine (red), cytosine (yellow), guanine (purple), thymine (green))
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and amino acids/groups are represented as single-letter codes. Numbers inside the cells
are the values for the odds ratio obtained through Fisher’s test. The interactions not
significant at a 95% confidence are white. The remaining interactions are coloured blue
and pink for significantly favourable and unfavourable interactions, respectively. The raw

data is in Appendix 6.

Table 2.6: Comparison of di- and trinucleotide preferences.

The nucleotides and amino acids/groups are in single-letter codes. First nucleotide means
that the first member of the dinucleotide is hydrogen-bonded. Last nucleotide refers to the
cases where the second nucleotide of the dinucleotide is hydrogen-bonded. Pink cells
indicate cases where the preference of trinucleotides was distinct from dinucleotides. Grey
cells represent cases where the last nucleotide and trinucleotide had the same preference.
In contrast, blue cells depict the cases where the first nucleotide and trinucleotide had the

same preference.

Trinucleotide | Amino acid | Trinucleotide odds ratio | Last Nucleotide odds ratio | First Nucleotide odds ratio
ATC ST 2.61 0.51 2.32
GGC R 1.39 0.80 1.65
GGT H 0.00 2.60 0.52
TGC ST 0.00 2.66 0.74
TGG ST 0.68 2.66 0.17
GGT K 3.77 2.89 0.39
AGG H 0.11 0.38 2.60
GGT R 0.81 0.80 1.95
ATC K 1.69 1.68 0.25
AGT K 1.93 1.60 0.39
TGA K 0.64 0.39 1.60
CGG R 1.30 1.65 0.80
CGT ST 0.45 0.74 2.66
GTC ST 0.08 0.30 2.32
GGC K 1.51 2.89 0.79
ATG R 0.11 0.75 1.47
GGT ST 0.00 0.17 2.66
TTA ST 2.64 1.76 0.51
GGT C inf 2.82 0.00
TGA ST 4.68 2.66 0.23
TGG H 0.00 0.52 2.60
TGA Mc 0.16 0.06 1.64
AGT ST 0.00 0.23 2.66
TTG Mc 14.27 4.82 0.00
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AGC Mc 5.69 1.64 0.09
TGG K 0.44 0.39 2.89
CGA ST 2.75 0.74 0.23
GAG R 3.03 0.62 0.62
ATG ST 4.34 0.51 0.30
CGT K 1.26 0.79 0.39
CAC NQ 0.00 2.97 297
GCA NQ 0.00 2.23 2.28
AAG NQ 0.00 3.60 6.80
TAG K 3.55 0.37 0.13

2.3 Development of the scoring scheme

We determined the frequencies of amino acid-nucleotide interaction for mono-, di-
and trinucleotide CLICK superimpositions. We used these data to construct a scoring
scheme to predict the amino acids most likely to bind to a given DNA sequence.
(equations 1, 2 and 3).

0]

S, =—" Eq.1
““E, |
:FGFXZOXG Eq 2
xa N -
S
S, ==— Eq. 3

Y Su

Where, S,. and O, correspond to the score and observed frequency of
superimposed amino acid a, which interacts with the nucleotide x. E,. is the expected
frequency of the interaction by random chance. F. and F. are the amino acid and
nucleotide frequencies, respectively in the training dataset. N is the number of
combinations in which that nucleotide x can occur (1, 4 and 16 in the case of mono-, di-
and trinucleotides (e.g., A[A, T, G, Cland [A, T, G, CIA[A, T, G, C])).

The scoring scheme is a variation of the ratio of observed and expected frequency
(Eqg. 1). We calculated the frequency of amino acids and nucleotides in the dataset to

obtain the expected frequency (Eq. 2). If the interaction occurs by chance, this is the
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number of times a nucleotide-amino acid pair would interact. A score higher than 1
indicates a favourable interaction. We then normalized the scores to get a range from 0 to

1 for an interaction (Eq. 3).

As the hydrogen bonds in the major and minor groove differ in the amino acid-
nucleotide preferences, we incorporated this into the scoring function. The abundance of
tri-, di- and mononucleotides differs between the major and minor grooves. This difference

in abundance was accounted by f (Eq. 4).

fz Qe Eq. 4

Where, fis the number of times an observation occurs in the major groove Vs. the minor
groove, O mgor is the number of observations in the major groove, Oxa minor is the number of

observations in the minor groove.

The major groove interactions were roughly four times more frequent than minor
groove interactions. Thus, the score for the major groove was multiplied by 4 (Eq. 5).
,,,,,,,,,,, Eq. 5

Since we had three matrices corresponding to mono-, di- and trinucleotides, the
weight for each was optimized using the grid search method. Within a window size of
three, the prediction was made for the central residue by selecting the highest score from
the mono-, di- and trinucleotide matrices.

Prediction=max(w1*C,,,w2*L,,,w2*F,,,w3%S,,) Eq. 6

Where w1, w2 and w3 correspond to the weights given to the tri-, di- and mononucleotide
matrix, respectively. The trinucleotide matrix provides information about both the
neighbours of the hydrogen-bonded nucleotide. Thus, we based these weights on the
abundance of data available for trinucleotide. A higher number of data points would
increase our confidence in the data. Thus we had a sigmoid function to obtain weight w1

and distributed the remaining fraction of the weight to w2 and w3 (Eq. 7, 8 and 9).

86



w1zc+(1—c)/(1+ep_(q*0”)) Eq.7

w2+w3=1-wl Eq. 8

w2=d*w3 Eq. 9

Where c is the y-intercept, p and g are variables that decide the sigmoid slope, Oy, is the
frequency of occurrence of superimposed trinucleotide, and d is a variable that defines the

relationship between w2 and w3.

We performed a grid search in the range of 0 to 1 with an interval of 0.1 for c. The
grid search range was between 0 to 10 and 0 to 30, with an interval of 1 for p and q,
respectively. The grid search for d was carried out between 0 to 1 with an interval of 0.01.

These grid search ranges gave us approximately 3 million combinations.

For each combination of weights, we predicted the amino acid that would
specifically bind a given DNA sequence in the training set (Figure 2.13). We had a three-
nucleotide sliding window, and a prediction was made for the central nucleotide using
mono-, di- and trinucleotide matrices (Eg. 6). The maximum scoring amino acid was
predicted, and the prediction was verified using the crystal structure. The combination of
weights that resulted in the maximum correct predictions was p=48, q=93, d= 0.01 and c=
0. These resulted in tri-, di- and mononucleotide weights (Appendix 8), which were used to

predict the amino acids for the 50 PDBs of the testing set.

The split of 235 and 50 from the 285 non-redundant specific DNA-protein
complexes was random. Therefore, we performed this split three times and obtained three
sets of weights for the training set. We applied the corresponding weights to the structures
not used in the training. If the results are consistent regardless of the structures used for

training, it indicates that we have not over-trained or under-trained the weights..
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Figure 2.13: Schematic of prediction of amino acids for a given DNA.
In the window size of three, the amino acid for the central nucleotide was predicted (G in
red). The scores for AGT from trinucleotide matrix, both AG (Last Nucleotide) and GT
(First Nucleotide) dinucleotide scores G mononucleotide score were used for prediction.

w1, w2, and w3 are weights optimised for tri-, di- and mononucleotides.

2.4 Accuracy of the predictions on training and testing set

We calculated the DNA-protein hydrogen bonds in the training and testing set. We
provided the hydrogen-bonded nucleotides as input to the program and made predictions
of the amino acids most likely to bind them. We assessed the prediction as accurate in
three ways-

» Strict: If the highest-scoring prediction matched the amino acid in the crystal structure.

* Moderate: If one of the top two highest-scoring predictions matched the amino acid in
the crystal structure.

* Lenient: If one of the top three highest-scoring predictions matched the amino acid in

the crystal structure.

If a nucleotide had multiple amino acids interacting with it, we classified the

prediction as correct if we could predict at least one of the amino acids. Cysteine and
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tryptophan did not have any occurrences where they were the only amino acids interacting

with a nucleotide.

We obtained 87% and 85% of correct predictions for the training and testing sets,
respectively, when the lenient evaluation measure was chosen (Table 2.7). The lowest
number of correct predictions were made for histidine (61.7%) and tyrosine (68.1%) in the
training set even with the lenient measure. Histidine (50%) and tyrosine (60%) also had

the lowest correct predictions in the testing set considering the lenient scheme.

The preference of lysine and arginine towards guanine and thymine was similar.
Since arginine interactions are abundant and spatially conserved, lysine was rarely the
top-most scoring amino acid. Cysteine and tryptophan did not have sufficient occurrences
in the dataset to make accurate predictions. A similar argument can be made for histidine
and tyrosine, as evident from the distribution of hydrogen bonds in the training and testing
set (Figure 2.14).

The lowest number of hydrogen bonds were observed for cysteine (3 bonds, 0.1%),
tryptophan (3 bonds, 0.1%), histidine (68 bonds, 2.7%) and tyrosine (89 bonds, 3%), which
also had the lowest number of correct predictions in the training set (0. 0, 57 and 68%,
respectively). Histidine (14 bonds, 2.3%) and tyrosine (16 bonds, 2.3/%) also had the
lowest frequency and lowest correct predictions (60 and 60%, respectively). Pearson’s
correlation between correct predictions and the percentage of hydrogen bonds was 0.50
and 0.62 for the training and testing set, respectively. This correlation indicates that this

method is expected to improve its accuracy with the increased data.
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Table 2.7: The correct predictions (%) of amino acids for a given DNA sequence in the
training and testing set.
The three assessment ways-strict, moderate and lenient are mentioned for the amino

acids and amino acid groups shown in single-letter codes.

Training Testing
Amino Strict Moderate Lenient Strict Moderate Lenient
Acids (Top 1) (Top 2) (Top 3) (Top 1) (Top 2) (Top 3)
DE 16.2 72.2 79.6 375 92.3 92.3
Mc 51.6 78.3 90.8 43.8 76.9 92.9
0.0 241 61.7 0.0 0.0 50.0
6.5 69.4 89.3 0.0 76.7 89.5
NQ 26.4 63.8 80.4 18.6 53.7 66.7
R 87.4 93.0 93.5 84.6 91.2 91.2
ST 8.3 44.7 72.5 5.6 48.0 75.7
Y 20.0 38.7 68.1 0.0 33.3 60.0
C 0.0 0.0 0.0 0.0 0.0 0.0
W 0.0 0.0 0.0 0.0 0.0 0.0
Overall 54.5 77.3 86.9 53.7 77.3 85.5
70
60
. 50
S
>, 40
=
% 30 B Training
LE_L-" 20 B Testing
w “ ﬁ 1
: ] I
R K NQ H ST Mc C DE Y W

Amino Acids

Figure 2.14: Distribution of hydrogen bonds in the training and testing sets.

The testing and ftraining set bonds are blue and orange, respectively. The amino acids/
groups are represented in single-letter codes. The error bars show the deviation across
the datasets.
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Another reason for the top predictions not matching the amino acid present in the crystal
structure could be the probabilistic nature of our predictions. Thus, even though a
nucleotide-amino acid pair may form preferential interactions, it may not be present in that
particular protein. We performed evolutionary analysis on the 235 proteins in our training
set to verify our hypothesis. We used the PSIBLAST module of ncbi-blast-2.7.1+ for 2
iterations with the default e-value of 0.001 [177,178]. We limited the multiple sequence
alignment size to 1000. The Multiple Sequence Alignment (MSA) provided a list of amino
acids that occur in the binding site in close homologs. The binding site was defined as the
hydrogen bonded amino acids in the three-dimensional structure. We correlated the top
three predictions for each nucleotide with the amino acids present in the MSA for that

protein.

The top 1 prediction was present in the MSA in 74.3% of the cases, while the top 2 and top
3 predictions were present in 86.2 and 90.4% of the cases, respectively. A PDB-wise
analysis showed that in 92 PDBs we predicted all hydrogen bond amino acids correctly in
the top 1 (Figure 2.15). 137 and 165 PDBs out of 235 had correct predictions for all MSA

constituents in top 2 and top 3, respectively.
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Figure 2.15: Correlating top 3 predictions with the MSA constituents.
The y-axis is the frequency of PDBs with correct predictions (%) on x-axis. Top 1, top 2

and top 3 predictions are coloured blue, orange and yellow respectively.

91



We can therefore conclude that the apparent low accuracy of our method when only
top 1 prediction is considered is partly due to the lower abundance of hydrogen bond data.
Since our method is probabilistic, a favourable interaction may not match with the protein
that has been crystallized, but can be observed in its close homologs. We validated our

method using different in-silico (Chapter 3) and in-vitro approaches (Chapter 4).

2.5 Chapter summary

This chapter describes the compilation and characterization of the dataset of sequence-
specific DNA-protein complexes. The DNA-binding and non-DNA-binding proteins have
different amino acid composition profiles. The interactions of the amino acids in DNA-
protein complexes are primarily mediated by hydrogen bonds. Amino acid-nucleotide
hydrogen bonding partners exhibit statistically significant preferences. We have used
superimposition of these hydrogen bonds across the DNA-binding protein families to
derive family-independent specificity preferences. We developed a scoring scheme using
these preferences to predict the amino acids that would specifically bind a DNA sequence.

This approach was validated with a testing set and the MSA of the proteins.

92



3 CHAPTER 3: In silico Validation of Predicting
Amino Acids for a DNA Sequence

OVERVIEW

» Validation of our method on the zinc finger proteins
o With experimentally selected specific zinc finger-DNA complexes
o Using crystal structures of zinc finger proteins
* Predicting the MSA from PWMs
* Prediction of the effect of mutation on DNA-protein binding affinity
» Validation of our method using Molecular Dynamics Simulations
o Zif-268
o Myc
o Ets1
o EcoRV
* Discussions

* Chapter summary

93



The previous chapter outlined the methodology for the predicting amino acids
specifically binding to a given DNA sequence. The current and ensuing chapters deal with

the approaches for validating our method, starting with in-silico validation in this chapter.

3.1 Validation of our method on the zinc finger proteins

3.1.1 Validation on SELEX selected zinc finger-DNA complexes

The zinc finger proteins have a modular DNA-binding behaviour and units of zinc
finger exhibit 1:1 relationship between interacting amino acids and nucleotides (refer to
Chapter 1, section 1.4.1). Each unit of the zinc finger proteins recognizes a four base pair
sequence, with the first three on the forward strand and the last one on the complementary
strand. Many studies have tried to optimise the binding of zinc fingers to DNA triplets that
bind on the forward strand. We took the results of one such study by Liu et al. [225] that
had performed SELEX experiments to determine the best binding and least cross-reactive
amino acids to GNN triplets. The GNN triplet is a sequence of trinucleotides, where
guanine is the first nucleotide recognised by the zinc finger. We predicted the amino acids
binding these GNN triplets and compared our results with the experimentally determined
ones (Table 3.1).

As stated in Chapter 2, we combined the amino acids with common hydrogen
bonding groups. If the experimentally determined amino acid is the highest scoring amino
acid, it is counted in the top 1 prediction. Likewise, the top 2 and top 3 categories contain
the experimentally determined amino acid in the top 2 and 3 highest scoring amino acid
categories, respectively. Using this prediction scheme, we have 56% correct predictions in
top 1, 62% in top 2 and 68% in top 3. We could not identify the serine/threonines and the
main chain groups interacting with the nucleotides correctly. This preference may be

family-specific and not a generalized method of recognizing nucleotide bases.
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Table 3.1: Validation of our method on the Liu et al. zinc finger set.

The amino acids are represented as single letter codes and grouped classes.

Top 1 Top 2 Top 3
Amino Acid | Predicted Not Predicted Predicted Not Predicted | Predicted Not Predicted
DE 0 8 2 6 2 6
H 0 4 0 4 3 1
NQ 7 2 8 1 8 1
R 20 0 20 0 20 0
ST 0 3 0 3 0 3
Mc 0 4 0 4 0 4
% Correct 56.25 62.5 68.75

3.1.2 Validation on crystal structures of zinc finger proteins

We obtained 33 PDBs from the RCSB PDB that had the zinc finger annotation (1tf6,
4m9y, 2i13, 2drp, 1llm, 6wmi, 1mey, 1p47, 6b0q, 6b0r, 5t00, 5ei9, 5vc9, 3uk3, 6b0o, 5kkq,
5k5I, 6b0p, 5ki4, 5und, 5t0u, 5eh2, Syeg, 5Syef, 1g2f, Syeh, 1f2i, Syel, 5v3j, 6ki6, 5v3g,
192d, 5yj3). We calculated the hydrogen bonds between the nucleotides and amino acids
in these structures using our in-house python script. We then made predictions using the
DNA sequences of these structures and checked the accuracy with the hydrogen-bonded
partner in the crystal structure (Table 3.2). We have approximately similar accuracy as on
the Liu et al. set for top 2 and top 3 predictions. The number of correct predictions in the

top 1 category have reduced compared to that in the Liu et al. set.
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Table 3.2: Validation of our method on the crystal structures of zinc finger proteins.

The amino acids/groups are represented in single-letter codes.

Top 1 Top 2 Top 3
Amino Acid | Predicted | Not Predicted | Predicted | Not Predicted | Predicted | Not Predicted
DE 1 20 7 14 7 14
H 0 11 0 10 9 5
K 0 16 15 6 20 3
NQ 8 15 14 1 18 10
R 73 19 77 19 77 19
ST 4 5 4 5 4 5
Y 0 3 0 0 0 0
Mc 0 1 0 1 0 1
Correct (%) 48.86 63.93 70.31
3.2 Predicting Multiple Sequence Alignment (MSA) from

Position Weight Matrices (PWMs)

The hypothesis behind this analysis was that as a protein sequence diverges, the

nucleotide partner that it specifically binds would also change accordingly. This co-

evolution can be reconciled by correlating the position weight matrix of the DNA-binding

site with the pattern observed in the MSA of the binding protein and its close homologs.

We downloaded 3794 PWMs from TRANSFAC for this validation and restricted the

PWM length to less than 10 bases for practical considerations [226]. We further ensured

that there was a hydrogen bond between the protein and the nucleotide/(s) in the region
specified by the PWM. This filtering resulted in 1925 PWMs. We obtained a 40% non-
redundant set using CD-HIT [207,227] and had 452 PWMs in the final dataset (List in

Appendix 9).
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We generated all nucleotide sequences that satisfy the PWM criteria and predicted
the amino acid most likely to bind at each location of the PWM. We took the best
prediction for each DNA sequence and compiled all amino acids that could bind at a given
DNA location. In order to check if our predicted amino acids matched the ones present in
the protein multiple sequence alignment, we carried out PSIBLAST [177,178] for three

iterations with an e-value cut-off of 0.001.

We now had a predicted set of amino acids and a set obtained from MSA for each
amino acid in the protein that had an interaction with the nucleotide. We checked the ranks
of the top 3 predicted amino acids in the MSA. Out of 2193 predictions, the predicted
amino acid was present in the MSA in 952 cases (43%). We checked the rank of these
952 predictions and the rank 1 predictions matched with the MSA in 351 or 37% of the
cases (Figure 3.1). The lower ranks are also encountered less in the MSA, which is
substantiated by the Pearson’s correlation coefficient of 0.92 between the rank in the
prediction and the frequency in the MSA.
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Figure 3.1: Rank distribution of the predicted amino acids that matched with the MSA.

In the 351 cases where the rank 1 of our prediction matched the MSA, 116 were also the
highest frequency amino acids in their respective MSA. The rank 1 prediction also

matched rank 2 amino acid in the MSA in 74 cases and rank 3 in 50 cases. We analysed
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the amino acid composition of these 351 cases and the 116 where the rank 1 of MSA was
also rank 1 in our prediction (Figure 3.2). In 33% of the cases, arginine was the top 1
prediction that matched with the MSA at any rank. Arginine was also present in 39% of the
cases where the rank 1 prediction also matched the rank 1 MSA.
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Figure 3.2: Amino acid distribution in the cases where the prediction matched the MSA.
The rank 1 of the prediction matching with all ranks in MSA is shown in blue while the rank

1 of the prediction matching with rank 1 of the MSA is shown in orange.

To quantify the efficacy of the method, we took the three highest frequency amino acids
from the MSA and our prediction. We compared the two profiles using Matthews
Correlation Coefficient [228] (MCC). The measures for the confusion matrix were defined

as follows-

True positive (TP): Present in the prediction and MSA

True negative (TN): Absent in the prediction and MSA

False positive (FP): Present in prediction and not in MSA

False negative (FN): Not present in the prediction and present in MSA

We then calculated the MCC the using the above parameters and the formula-
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TP*TN —FP*xFN

McC=
\(TP+FEP)%(TN+FP)(TP+EN ) (TN +FN)

Eq. 1

MCC is a balanced statistical score that ranges between -1 and +1, with -1 indicating
complete inverse predictions and +1 denoting perfect predictions. The value of MCC is

high only if the values for TP and TN are high and that of FN and FP are low.

The MCC value of the MSA prediction using our probabilistic scheme is 0.17. The
PDB-wise distribution shows two peaks at 0.1 and 0.6. However, there are many

structures for which the MCC values are less than or equal to zero (Figure 3.3).
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Figure 3.3: Distribution of MCC values for predicting the top 3 amino acids in the MSA
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We calculated the rates of false positives, false negatives, true positives and true

negatives to derive the reason for the low MCC value using the formulae-

TP

True Positi te(TPR)= .
rue Positive rate( TPR) TP EN Eq. 2
. TN
True Negat te(TNR )= .
rue Negative rate(TNR) TNTED Eq. 3
. FpP
FalseP FPR)= .
alse Positive rate( FPR) N +EP Eq. 4
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FN

False Negative rate( FNR )=
TP+FN

Eq. 5

Calculating the MCC using these rates (Eq. 6) is useful when the dataset is imbalanced
[229].

TPR*TNR—FPR* FNR

McC=
J(TPR+EPR)+(TNR+FPR)%(TPR+FNR )*(TNR+FENR)

Using Eq. 6, we obtained an MCC value of 0.19, which is a marginal improvement over the
standard MCC formula.

We realized that the true positive rate was low, which led to the overall low MCC
(Figure 3.4). This means that while the identification of what is not specific is clear, work
still needs to be done on identifying correct pairs of interacting nucleotide-amino acid

partners. This could be improved by having more structural data to infer preferences from.
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Figure 3.4: Comparison of the contribution of different components toward MCC

3.3 Prediction of the effect of mutation on DNA-protein binding

affinity

The study of DNA-protein interaction only considers specificity so far and not affinity
between the two moieties. The lack of an adequate dataset for this purpose hinders the

binding affinity prediction. The ProNIT resource has multiple binding affinities for a single
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DNA protein complex [230]. One of the reasons for multiple values, apart from errors in the
entries, is that the binding affinity of DNA-protein complexes is affected by the
temperature, pH, ion concentration, presence of co-factors and the experimental technique
used to measure the binding affinity. The Mat-Alpha2 protein, for example, has 100 fold
difference in its affinity when the ion concentration is changed from 100 to 300 mM [231].
This sensitivity of the binding affinity to experimental conditions limits the dataset we can
use to analyse binding affinity changes influenced by specificity changes. Therefore we
avoided comparisons of affinity among different proteins. Instead, we took systems where
mutations were made on the same DNA-protein complex, either on the protein or the DNA

side.

Here, we have considered only the effect of amino acids hydrogen-bonded to DNA.
These criteria gave us 83 single-point mutations. 73 of these 83 mutations result in a
reduction in the binding affinity. This observation could either be an artefact of lower
sampling or could indicate that introducing a mutation in the binding residues has a higher
probability of reducing the binding affinity between the protein and DNA. We have also

made similar observations with our molecular dynamics simulations (section 3.4).

To predict whether the mutation is likely to increase or decrease the binding affinity
of the DNA-protein complex, we employed a normalized trinucleotide odds ratio. The
normalization was done so that the sum of its interaction with the amino acids/groups for
each trinucleotide equals 1. If the normalized odds ratio for the wild-type trinucleotide-
amino acid pair was less than that for the mutant trinucleotide-amino acid pair, we
predicted that the binding affinity would increase upon mutation. Similarly, if the normalized
odds ratio for the wild-type trinucleotide-amino acid pair was greater than that of the
mutant trinucleotide-amino acid pair, we predicted the binding affinity of the DNA protein

complex would reduce upon making the mutation.

We compared our prediction with the experimental results. We could correctly
predict the resulting change as an increase or decrease in the affinity in 49 cases or 59%

of the cases (Table 3.3), which is slightly better than random chance.
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However, in 19 of the 34 incorrect predictions, we did not have wild-type or mutant
trinucleotide-amino acid pair information. So, when we have trinucleotide information for at
least the wild-type or the mutant trinucleotide-amino acid pair, we have an accuracy of
76%. Another point to note is that the assumption is that the hydrogen bond is retained in
the mutant protein. For the 15 incorrect predictions with trinucleotide-amino acid
information, in 7 cases, the wild-type amino acid has side-chain hydrogen bond donors
and acceptors, while the mutant amino acid does not. Along with this, there is a
concomitant reduction in binding affinity in these 7 cases. This decrease could either be
due to the loss of a hydrogen bond or the mutated amino acid does not have a favourable

interaction with the DNA. Therefore, we require more data to judge the method reliably.

We then analysed whether the incorrect predictions were associated with the binding
affinity change between the wild-type and mutant proteins. We correlated the predictions

with the term log(Fold Change) defined by the formula-

K
log ( Fold Change )=log (—%%)
Ky,
where Kg1 and Kq. correspond to the binding affinities of the wild-type and mutant proteins,

respectively measured in terms of their dissociation constants.

Table 3.3: Predictions of the effect of mutation on DNA-binding interface.

The correct predictions are highlighted in bold. WT and MT correspond to wild-type and
mutant proteins, respectively. The nucleotides and amino acids/groups are depicted in
single-letter codes. AA and Tri stand for amino acid and trinucleotide, respectively. log(OR)
is the normalized log odds ratio for that trinucleotide-amino acid interaction. K, is the
experimentally measured dissociation constant used to estimate the binding affinity.

log(Fold) is the log of the ratio of the wild-type binding affinity to the mutant binding affinity.

WT MT
ﬁg PDB | AA| Tri | log (OR) Ki |AA| Tri | log (OR) K log (Fold)
1 | 1AAY | DE | CAT 0 1.70E-10 | Mc | CAT 0 1.00E-10 0.23
2 | 1AAY |MC| CAT 0 1.00E-10 | Mc | GAT 0 2.40E-09 -1.38
3 | 1AAY | DE | GAT 0 2.00E-08 | Mc | GAT 0 2.40E-09 0.92

102




4 | 1AAY | R | AGC 0.15 1.70E-10 | Mc | AGC 0.54 7.00E-08 -2.61
5 | 1AAY | R | CGT 0.31 1.70E-10 | Mc | CGT 0 1.70E-08 -2
6 | 1AAY | R | CGT 0.31 1.70E-10 | R | CCT 0 2.00E-08 -2.07
7 1AZ0 | Mc | CGA 0 1.60E-08 | Mc | CAA 0 1.10E-06 -1.84
8 1AZ0 | Mc | CGA 0 1.60E-08 | Mc | CTA 0 1.40E-06 -1.94
9 1AZ0 | Mc | CGA 0 1.60E-08 | Mc | CCA 0.19 1.40E-06 -1.94
10 | 1AZ0 | NQ | GAT 0.75 1.60E-08 | NQ | GTT 0.21 1.00E-06 -1.8
11 | 1AZ0 | NQ| GAT 0.75 1.60E-08 | NQ | GGT 0 1.00E-06 -1.8
12 | 1AZ0 | NQ | GAT 0.75 1.60E-08 | NQ | GCT 0.01 2.50E-07 -1.19
13 | 1BP7 | Y | CTA 0 5.60E-07 | C | CTA 0 4.70E-08 1.08
14 | 1BP7 | Y | CAA 0.28 4.00E-10 | C | CAA 0 2.50E-08 -1.8
15 | 1BP7 | ST | GCA 0.41 4.00E-10 | K | GCA 0 5.00E-08 -2.1
16 | 1BP7 | ST | GCA 0.41 4.00E-10 | ST | GGA 0.01 5.90E-07 -3.17
17 | 1BP7 | ST | GGA 0.01 5.00E-08 | K | GGA 0.5 4.40E-08 0.06
18 | 1BP7 | Y | CAA 0.28 4.00E-10 | Y | CTA 0 5.60E-07 -3.15
19 | 1CW0 | R | CTA 0.71 7.40E-10 | R | TTA 0.05 7.00E-09 -0.98
20 |1CwW0 | R | CTA 0.7 7.40E-10 | R | CTC 0.35 4.10E-08 -1.74
21 | 1ECR | R | AGT 0.29 1.00E-09 | Mc | AGT 0.08 1.30E-07 2.1
22 | 1ECR | K | ATG 0.15 1.00E-09 | Mc | ATG 0 1.10E-07 -2.04
23 | 1ECR | NQ | TAG 0.09 1.00E-09 | Mc | TAG 0 2.20E-07 -2.34
24 | 1EWQ | DE | GTG 0 2.20E-09 | Mc | GTG 0 2.80E-09 -0.1
25 | 1J5N | Y | ACA 0 1.00E-08 | Mc | ACA 0 4.30E-08 -0.63
26 | 1J5N | R | ATC 0.05 1.00E-08 | Mc | ATC 0 2.80E-08 -0.45
27 | 1LMB | K | GGT 0 7.00E-12 | NQ | GGT 0 5.50E-08 -3.9
28 | 1LMB |NQ | AGT 0.15 7.00E-12 | K | AGT 0.43 1.00E-08 -3.15
29 | 1LMB | NQ | TAT 0.52 7.00E-12 | ST | TAT 0.02 3.90E-09 -2.75
30 | 1LMB | NQ | TAT 0.52 7.00E-12 | Y | TAT 0.46 4.50E-09 -2.81
31 | 1ILMB | NQ | TAT 0.52 7.00E-12 | Mc | TAT 0 3.00E-07 -4.63
32 | 1LMB | ST | TGG 0.13 7.00E-12 | Mc | TGG 0 3.00E-07 -4.63
33 | IMSE | ST | CTA 0 5.50E-09 | Mc | CTA 0 1.80E-08 -0.51
34 | IMSE | ST | CTA 0 5.50E-09 | Mc | CTA 0 9.00E-09 -0.21
35 | IMSE | ST | CTA 0 3.20E-09 | Mc | CTA 0 1.80E-08 -0.75
36 | IMSE | ST | CTA 0 3.20E-09 | Mc | CTA 0 9.30E-09 -0.46
37 | 1MSE | ST | CTA 0 3.20E-09 | Mc | CTA 0 1.30E-09 0.39
38 | IMSE | ST | CTA 0 3.20E-09 | Mc | CTA 0 1.30E-07 -1.61
39 | IMSE | ST | CTA 0 3.20E-09 | K | CTA 0 6.10E-08 -1.28
40 | 1MSE | ST | CTA 0 3.20E-09 | DE | CTA 0 1.00E-06 -2.49
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41 | IMSE | ST | CTA 0 3.20E-09 INQ| CTA 0.29 2.60E-08 -0.91
42 | 1MSE | ST | CTA 0 3.20E-09 |INQ | CTA 0.29 3.60E-08 -1.05
43 | IMSE | ST | CTA 0 5.50E-09 | ST | CGA 0.46 1.50E-07 -1.44
44 | 1MSE | ST | CTA 0 3.20E-09 | R | CTA 0.71 4.30E-08 -1.13
45 | 1MSE | ST | CCA 0.05 3.70E-09 | Mc | CCA 0.19 1.70E-08 -0.66
46 | 1MSE | ST | CCA 0.05 3.70E-09 | Mc | CCA 0.19 1.20E-08 -0.51
47 | 1MSE | ST | CCA 0.05 3.70E-09 | Mc | CCA 0.19 8.90E-09 -0.38
48 | IMSE | ST | CCA 0.05 3.70E-09 | Mc | CCA 0.19 7.30E-08 -1.3
49 | IMSE | ST | CCA 0.05 3.70E-09 | DE | CCA 0.72 1.00E-06 -2.43
50 | 1IMSE | ST | CGA 0.46 2.50E-08 | Mc | CGA 0 2.40E-08 0.02
51 | IMSE | ST | CGA 0.46 2.50E-08 | R | CGA 0.15 2.10E-08 0.08
52 | 1IMSE | K | TGA 0.09 5.50E-09 Mc | TGA 0.02 1.00E-06 -2.26
53 | IMSE | K | TGA 0.09 5.50E-09 | K | TCA 0 3.70E-07 -1.83
54 | 1IMSE | K | TCA 0 3.70E-07 | Mc | TCA 0 3.80E-06 -1.01
55 | 1IMSE | ST | CGA 0.46 2.50E-08 | Mc | CGA 0 3.70E-08 -0.17
56 | 1MSE | ST | CGA 0.46 2.50E-08 | NQ | CGA 0.24 5.30E-08 -0.33
57 | 1MSE | ST | CGA 0.46 2.50E-08 | NQ | CGA 0.24 3.90E-08 -0.19
58 | 1IMSE | ST | CGA 0.46 2.50E-08 | Mc | CGA 0 3.40E-08 -0.13
59 | 1MSE | ST | CGA 0.46 2.50E-08 | Mc | CGA 0 7.20E-08 -0.46
60 | 1IMSE | ST | CGA 0.46 2.50E-08 | K | CGA 0.15 3.60E-08 -0.16
61 | 1IMSE | ST | CGA 0.46 2.50E-08 | DE | CGA 0 1.00E-06 -1.6
62 | 1IMSE | ST | CAA 0.54 8.70E-09 | Mc | CAA 0 3.30E-08 -0.58
63 | 1IMSE | ST | CAA 0.54 8.70E-09 | Mc | CAA 0 2.20E-08 -0.4
64 | 1MSE | ST | CAA 0.54 8.70E-09 | NQ | CAA 0.1 1.50E-08 -0.24
65 | 1MSE | ST | CAA 0.54 8.70E-09 | NQ | CAA 0.1 5.40E-08 -0.79
66 | 1IMSE | ST | CAA 0.54 8.70E-09 | Mc | CAA 0 3.70E-08 -0.63
67 | 1MSE | ST | CAA 0.54 8.70E-09 | Mc | CAA 0 1.00E-06 -2.06
68 | 1IMSE | ST | CAA 0.54 8.70E-09 | K | CAA 0.02 1.00E-06 -2.06
69 | 1IMSE | ST | CAA 0.54 8.70E-09 | R | CAA 0.02 1.00E-06 -2.06
70 | 1IMSE | ST | CAA 0.54 8.70E-09 | DE | CAA 0.04 1.00E-06 -2.06
71 | 1IMSE | ST | CCA 0.05 3.70E-09 | NQ | CCA 0.04 3.70E-08 -1

72 | 1AMSE | ST | CCA 0.05 3.70E-09 | NQ | CCA 0.04 3.90E-08 -1.02
73 | 1AMSE | ST | CCA 0.05 3.70E-09 | K | CCA 0 2.20E-08 -0.77
74 | 1IMSE | ST | CCA 0.05 3.70E-09 | R | CCA 0 2.20E-08 -0.77
75 | 1PUF | R | TAC 0 1.80E-07 | ST | TAC 0.18 1.10E-07 0.21
76 | 1PUF | R | GAC 0 1.80E-06 | ST | GAC 0.12 4.60E-07 0.59
77 | 1RUN | DE | CGC 0 1.10E-09 | Mc | CGC 0 5.60E-10 0.29
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78 | 1RUN | DE | CAC 0.97 1.40E-11 | Mc | CAC 0 1.20E-10 -0.93
79 | 1RUN | DE | CAC 0.97 1.40E-11 | DE | CGC 0 1.10E-09 -1.9

80 | 1TN9 | Y | TAC 0 4.30E-08 | Mc | TAC 0 5.87E-07 -1.14
81 | 1TN9 | R | ATT 0 4.30E-08 | Mc | ATT 0.87 3.32E-07 -0.89
82 | 1TN9 | K | AGT 0.43 4.30E-08 | Mc | AGT 0.08 4.57TE-07 -1.03
83 | 1TTN9 | R | TAG 0.03 4.30E-08 | Mc | TAG 0 9.50E-08 -0.34

The Pearson’s Correlation coefficient for the correlation between log(fold change)
and the prediction accuracy is -0.18, while Spearman’s Correlation coefficient is -0.17. This
suggests that the accuracy of the method is independent of the difference in the binding
affinities of the wild-type and mutant proteins. The distributions for the correct and
incorrect predictions have a KS test statistic of 0.4 and a p-value of 0.87, indicating that

the distributions are similar (Figure 3.5).
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Figure 3.5: Distribution of correct and incorrect predictions of binding affinity change.
(a) Overall distribution for the whole dataset. (b) Distribution after removing the entries that

did not have trinucleotide-amino acid data.

The similar distributions indicate that the magnitude of change in the binding affinity is not

related to the degree of correctness of our predictions.

3.4 Validation using Molecular Dynamics Simulations

By studying 3D structures of DNA-protein complexes, we have probabilistic
preferences that predict the specific binding of DNA and proteins. To validate our method,
we used the predicted interaction propensities to change the specificity of a DNA-binding

protein from a known consensus sequence to a sequence of our choice (non-consensus).
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We predicted the mutation that needed to be made in the protein to make it recognize the
query sequence. A model of the mutant protein was generated, and we assessed the
binding of the wild-type and mutant proteins with the consensus and non-consensus DNA
(Figure 3.6).

The binding assessment was carried out using Molecular Dynamics (MD)
simulations discussed in this section and in-vitro assays discussed in chapter 4. We
selected four protein systems for this analysis- i) Myc, ii) Ets1, iii) ECORV and iv) Zif-268 as
a control. The selected proteins have different architectures, such as a duplicates (Myc), a
arrays (Ets1), a/B three-layered sandwiches (EcoRV) and B-B- a zinc fingers (Zif-268). We
made a single change in the consensus sequence in the case of the monomer (s1) and
two changes in the case of dimers (Myc and EcoRV) since both units bind to half the
consensus (Table 3.4, Figure 3.7). For Zif-268 the crystal structures of mutant proteins

were already present.

Binding Q No X

Binding
A[T|G|C] A[T[G|C]
[T[A[C|G] T[A[C|G]

Consensus Sequence Consensus Sequence

INO )~ 4 Binding Q

Binding
G|T|G[C] G|T[G[C]
C[AICIG ClAICIG

Non-Consensus Sequence Non-Consensus Sequence
Figure 3.6: Schematic for changing the specificity of a DNA-binding protein.
The consensus sequence binds specifically to the wild-type protein (orange circle). The

query sequence binds only the mutated protein (purple circle). The first nucleotide A is

changed to G in this example and highlighted with pink.
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Table 3.4: Prediction of specificity change in selected DNA-binding proteins.

The nucleotide/(s) changed are highlighted in bold.

Sr. No | Protein | Consensus Non-Consensus Predllc\:/;[sfagtrotem Bonded Nucleotide
1 Myc CACGTG CATATG Arg(20.A)->GlIn CG->TA
Ets1 GGAI[A/T] GGTT Tyr(395.C)->Arg A->T
EcoRV GATATC GCTAGC Ser(183.A)-> GIn A->C
(a) Myc
Wild-type Prediction (b) Etsl
16.B 20.A 12.A 16.B 20.A 12.A .
@ ® @ @ @ @ Wild-type Prediction
- - - : : : 394.C 391.C 395.C 394.C 391.C 395.C
cTalcleli[e] [claialie | |(B® @ ®® ®
G|G|A|T G|G|T|T

70.A o

TIA[T|A

@@

185.A 184.A

(.; T G C A C G T A T A C
: = o 2 : c|C|T|A C|C|A|A
e ®@Q0@

(c) EcoRV

Wild-type Prediction
184.B 185.B 183.A 184.B 185.B 183.A
@@ @ @@ @
A|T|A C|T|A

@@186B @186A 70A® @IBGB @186A

GA|T|C

@@

185.A 184.A

Figure 3.7: Systems for validating the change in specificity of DNA-binding proteins.

The nucleotides are shown in boxes with single-letter codes. Amino acids are represented
in single-letter code within circles. The wild-type amino acids are in blue and the mutant
are in green. The hydrogen bonds between the nucleotides and amino acids are shown as

red dotted lines. The changed nucleotides in the non-consensus sequence are shown

pink.
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We carried out the MD simulations using NAMD2.14 [149] with the CHARMM
[143,144] forcefield for all these systems. We used the CHARMM-GUI webserver to
generate the parameter and topology files for the simulation [232,233]. To generate the
mutant DNA-protein complex, we introduced mutations in the DNA using the swapna
module of chimera [217]. We used CHARMM GUI to introduce protein mutations. We
performed simulations for four interaction types- consensus DNA with the wild-type protein,
non-consensus DNA with predicted mutant protein, consensus DNA with the predicted

mutant protein and the non-consensus DNA with wild-type protein.

We used files from the CHARMM GUI server and generated a neutral charge
system with TIP3 water molecules using VMD [234]. We generated a water box to fit the
dimensions of the protein using the default settings of the VMD solvate plugin. 10° rotation
increments were applied to the protein to minimize the water molecules in the system.
Therefore the box size and shape differed in the different protein systems. The system was
neutralized with Na+ and CI- counter ions using the ionize plugin (Refer to Appendix 10 for

the system sizes for different DNA protein complexes).

We minimized this neutral system for 100 steps using the default conjugate gradient
technique, with each step corresponding to 2 fs (femtoseconds) using NAMD2.14 and
CHARMM36 m forcefield. The minimized system was equilibrated for 50000 steps or 100
ps. The equilibration process involved thermal equilibration to 300 K and pressure
equilibration to 1 atm pressure. We used periodic boundary conditions and Particle Mesh
Ewald (PME) full electrostatics with the Lennard Jones cut-off distance as 12 A for the
NPT ensemble. The production run of 50 ns was performed for in triplicates for all

simulations.

The RMSD and RMSF of the complexes were calculated using the formulae-

ZlNzl (Xi_xzref)z

RMSD = N Eq. 6
Zit_l(xi_xljef)z

RMSF = — . Eq.7
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Where, xi and x are the coordinates of the MD snapshot at a particular time and the
reference structure, respectively. N and t correspond to the total number of residues and
the time of the simulation respectively. Therefore, RMSD is the deviation across time and
calculated at each time point, and RMSF is the deviation in each residue for the course of

the simulation.

To calculate the binding free energy (refer to Chapter 1, section 1.6.3), we followed implicit
solvation protocol [162]. We solvated the simulated protein alone, DNA alone and the
complex in an implicit solvent. We obtained the total energy of all three of these systems at

every time point. The binding free energy was calculated as-
AGging= Giotal(protein+DNA)- Giotai(protein)-Gioai(DNA) Eq. 8

We took the last 2 ns of the trajectory for comparison of binding energy across
different complexes. The binding energy values for the different systems were compared to
the wild-type crystal structure value using the one-way ANOVA test to check for statistical
significance [224]. The RMSD, RMSF, distance between the DNA and proteins and the
DNA-protein hydrogen bonds were also compared between the DNA-protein complexes
using ANOVA. The p-values reported in the following sections are with respect to the

respective wild-type DNA-protein crystal structures for all systems.

3.4.1 Zif-268

Zif-268 is a mouse transcription factor associated with early development. It belongs
to the zinc finger protein family, which has been extensively studied and there exists a
specificity code for it. The zinc finger protein consists of an a and 3 sheet, co-ordinated by
a Zn*?ion [235,236].

Each finger in a zinc finger protein recognizes a four base-pair sequence. Multiple
such fingers together recognize the entire recognition sequence. Since our objective in the
validation process was to compare the binding of mutant and wild-type protein to different
substrates, we used this system as a control. The crystal structures of different Zif-268

variants have been solved with the DNA that they specifically recognize [237]. Comparing
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MD results of binding between these proteins would provide a baseline for judging our
predictions. The wild-type protein has a peptide RDER, the amino acids in which
correspond to positions -1, +2, +3 and +6 and recognizes the GCGT site. The first mutant
(MT1) has a peptide DSNR that specifically recognizes the GACC site. While the second
mutant (MT2) has the most affinity toward GCAC site when the peptide sequence is
QGSR. To simulate the scenario where we generate models of the mutant protein and
check the binding using simulations, we also generated the models of the proteins MT1
and MT2. To assess the effect of errors introduced by modelling, we also modelled the

wild-type structure from MT2 protein.

The analyses of the MD simulation results involved plotting the average RMSD
(calculated from the average structure), RMSF, the distance between the centroids of the
protein and DNA, total DNA-protein hydrogen bond frequency, nucleotide-specific
hydrogen bond frequency and the binding free energy of the complexes. The average
values for these are available in Table 3.5 for all DNA-protein complexes and detailed run-
wise analysis is in Appendix sections 11-18. The average RMSF and RMSD values would
have similar trends. Therefore, we have reported the values for average RMSD in

Appendix 11.

We observed that MT1 (2.9 A) and MT2 (3 A) crystal structures had a higher RMSD
compared to the wild-type Zif-268 protein (1.7 A) (p-value <0.00001 for both, Figure 3.8
(a)). However, both MT1 and MT2 had lower RMSD (1.2 A for both) when the models were
used instead (p-value <0.00001 for both, Figure 3.9 (a)). The lowest RMSD was observed
for Zif-268 MT1 protein -wild-type DNA complex (1.15 +/- 0.3 A, Table 3.5).

The RMSF values of the wild-type Zif-268 protein with the wild-type, MT1 and MT2
DNA were comparable with the range 1.4 to 1.7 A (p-values 0.98 and 0.57, respectively,
Figure 3.8 (b)). The MT1 and MT2 DNA-protein complexes had higher RMSF values
compared to the wild-type crystal structure complex with an average RMSF of 2.3 to 2.6 A
(p-values 0.02 and 0.0007). The MT1 protein in complex with wild-type DNA also differed
from the wild-type complex, but with the wild-type DNA, it has a lower RMSF (1.1 A) (p-
value 0.004). The MT1 and MT2 models also had a significantly lower RMSF than the wild-
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type DNA-protein complex (1.2 A) (p-values 0.0002 and 0.0001, respectively Figure
3.9(b)). The wild-type model and crystal structure however had similar RMSF profiles (~1.4
A, p-value 0.18). The RMSD values of the wild-type protein with the MT1 and MT2
substrates is lower (1.3-1.4 A) than with its consensus substrate (1.7 A) (p-values 0.00002

and 0.01, respectively).

The distance between the DNA and protein may indicate if the complex is getting
dissociated. However, since we had a very short simulation time, we did not expect to see
any such behaviour. Yet, the MT1 protein with the wild-type DNA shows a 30% increase in
the distance between the protein and DNA by the end of 50 ns (Figure 3.8 (c)). The
smallest distance between the DNA and protein is with the MT2 crystal structure complex
with its cognate DNA (3.2 A). The crystal structures of MT1 and MT2 proteins with their
respective DNA has a similar centroid distance compared to the wild-type crystal structure,
which are ~1.1 to 1.2 A (p-values 0.2 and 0.6). However, the models of wild-type, MT1 and
MT2 proteins have a higher distance between the DNA and protein compared to the wild-
type protein (distance range: 3.5 -3.8 A, p-values <0.00001 for all, Figure 3.9 (c)). The
wild-type protein in complex with MT1 DNA has a lower distance (2.5 A) while in complex
with MT2 DNA has a higher distance (3.6 A) between the two macromolecules when

compared to wild-type DNA-protein complex (3.1 A) (p-values <0.00001 for both).

Hydrogen bonds are one of the interactions that stabilize DNA-protein binding. We
looked at all DNA-protein hydrogen bonds (Figures 3.8 and 3.9 (d)) and the hydrogen
bonds between the nucleotide base and amino acids (Figures 3.8 and 3.9 (e)). Our
hypothesis was that while other interactions enhance binding between DNA and protein in
a general manner, specificity is provided by the bonds with the nucleotide bases. Over the
course of the simulation, we observed a reduction of ~30% in total and ~23% in specific

hydrogen bonds in all the DNA-protein complexes.

However, the wild-type protein complex with MT1 DNA seemed to regain the lost
specific bonds towards the end of the simulation. It also had the largest number of total
hydrogen bonds (47 bonds, p-value <0.00001). The largest number of specific bonds are
formed between the model of MT2 protein and its preferred DNA (17 bonds, p-value
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<0.00001). MT1 model and crystal structure have higher number of total (47 and 40,
respectively) and specific hydrogen bonds (16 and 14, respectively) compared to the wild-
type with 37 total bonds and 13 specific bonds (p-values for all <0.00001). The wild-type
protein in complex with MT1 (47 bonds) and MT2 DNA (44 bonds) have a higher number
of total bonds than the wild-type DNA-protein complex (37). A similar trend is seen for

nucleotide-specific bonds of wild-type protein with MT1 and MT2 DNA.

The binding energy evaluation showed that the best binding energy was with the
MT2 DNA-protein complex (-96 kcal/mol, p-value <0.00001, Figure 3.8 (f)). The model of
MT2 DNA also had a better binding energy (-78.9 kcal/mol) than WT (-66.5 kcal/mol) and
MT1 models (-66.1 kcal/mol) (p-value <0.00001,Figure 3.9 (f)). The wild-type protein had
the best binding energy with the MT1 substrate (-83.5 kcal/mol) while the MT1 protein had
the best binding energy for the wild-type substrate (-70.7 kcal/mol) (p-value <0.00001 for
both). This result directly contradicts the experimental study, where they performed
competitive assays using the wild-type DNA and the mutant proteins had a better binding

to the reported sequence [237].

The wild-type DNA protein model had a better binding energy (-66.5 kcal/mol)
compared to the crystal structure (-62.4 kcal/mol) (p-value <0.00001). While the MT1
model had a better energy (-61.1 kcal/mol), the MT2 model had a worse energy compared
to their respective crystal structures (-61.9 for MT1 and -96.6 kcal/mol for MT2) (p-value
<0.00001 for both). However, the trend between the three proteins is maintained where
MT2 has the best binding followed by the wild-type and MT1. In our experiment, we used
the wild-type crystal structure and models of the mutant. The results from the Zif-268
mutants show that they have a significantly increased (MT2) or reduced (MT2) binding
energy depending on the protein. Thus, modelling errors could affect the estimate of the

energy units.
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Figure 3.8: MD results of Zif-268 wild-type and mutant proteins

-depicting RMSD (a), RMSF (b), Centroid distance between DNA and protein (c), Total
hydrogen bonds (d), specific hydrogen bonds with nucleotide base (e) and Binding energy
(f). The wild-type (WT), MT1 and MT2 proteins are shown in blue, orange and green
respectively. The WT, MT1 and MT2 DNA are depicted in solid, dotted and dashed lines

respectively.
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Figure 3.9: MD results of Zif-268 wild-type and mutant protein models
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(f). The wild-type (WT), MT1 and MT2 protein models are shown in blue, orange and
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lines, respectively.
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3.4.2 Myc

The Myc protein family consists of c-Myc, I-Myc and n-Myc. These are transcription
factors that are encoded by regulatory genes and proto-oncogenes [238]. They are
present in different tissues at different stages of the life cycle. c-Myc dysregulation is most
frequently associated with cancer [239]. Due to its relevance in cancer, it has been
extensively studied and therefore we chose it as one of the proteins to validate our method
[240,241].

The Myc protein family has a basic-helix-loop-helix-leucine zipper structure. There
is a variant of the Myc protein called Omo-Myc, which inhibits the tumorigenic activity of
Myc while still promoting normal cell proliferation. This variant is dominant-negative, which
means that it overrides the oncogenic protein's activity and holds therapeutic potential. We
have tried to study the specificity of the Omo-Myc protein (PDB ID 5I50) [242]. The
consensus sequence of Myc is the E-box sequence- CACGTG [243,244]. Since Myc binds
as a dimer, each unit recognizes the 3 nucleotide half-site. Therefore, to change the third
nucleotide, we also needed to change the fourth nucleotide. We mutated the central CG to
TA to change cytosine at position 3 to thymine. For recognizing this new sequence (non-

consensus) specifically, we predicted the arginine to glutamine mutation in the protein.

We analysed the results of this prediction by plotting the average RMSD (calculated from
the average structure), RMSF, the distance between the centroids of the protein and DNA,
total DNA-protein hydrogen bond frequency, hydrogen bond frequency between the
nucleotide base and amino acids and the binding free energy of the complexes.

The mutant protein with wild-type DNA has a lower RMSD (3.8 A) compared to the wild-
type DNA-protein complex (4.5 A) (p-value 0.04). The RMSF of the wild-type DNA-protein
complex is significantly lower (1.5 A) than that of the mutant protein in complex with non-
consensus (1.96 A) and consensus DNA (1.99 A) (p-values 0.03 and 0.01, respectively,
Figures 3.10 (a),(b) and (c). The lowest RMSD is observed for Myc mutant protein in
complex with wild-type DNA (3.86 A).
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The distances between the mutant protein with the wild-type DNA (17.9 A) and the

wild-type protein-non-consensus DNA complexes (18.5 A) are higher than the wild-type
DNA-protein complex (16.8A) (Figure 3.10 (d)). The wild-type protein-consensus DNA and

the mutant protein-non-consensus DNA complexes have an average distance of ~1.6 A

between the DNA and protein (p-value 0.95).

The wild-type DNA-protein complex had the maximum total hydrogen bonds (43 bonds,

Figure 3.10 (e)). When we considered only the hydrogen bonds with the nucleotide base,

the wild-type protein had 7 and 6 nucleotide-specific bonds with the non-consensus and

consensus DNA, respectively (p-value 0.0002, Figure 3.10 (f)).
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Figure 3.10: MD results of Myc wild-type and mutant proteins

-depicting RMSD (a), RMSF (chain A) (b), RMSF (chain B) (c), Centroid distance between
DNA and protein (d), Total hydrogen bonds (e), Total hydrogen bonds with nucleotide base
(f) and Binding energy (g). The wild-type (WT) and mutant (MT) proteins are shown in blue
and orange, respectively. The WT and MT DNA are depicted in solid and dotted lines,

respectively.

The binding energy of the wild-type DNA-protein complex was -107.6 kcal/mol,
which was better than all other complexes (p-value <0.00001, Figure 3.10 (g)). The mutant
DNA-protein complex had a binding energy of -65.9 kcal/mol, which was the largest
among all complexes. The binding energy of the wild-type protein-mutant DNA and
mutant-protein-wild-type DNA complexes was comparable with -82 to -83 kcal/mol (p-value
0.38). Among the wild-type and mutant DNA substrates, the Myc mutant protein had a
better binding energy toward the wild-type DNA.
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3.4.3 Ets1

c-Ets1 is a transcription factor that regulates the expression of cytokines and
chemokines encoded by the Ets1 gene. The amino acid sequence of this protein is highly
conserved across species indicating its crucial role [245]. The Ets1 protein family is
defined by its characteristic DNA-binding domain, a winged helix-turn-helix motif. Due to its

function in immune modulation, it is also a proto-oncogene [246].

The winged helix-turn-helix domain consists of three a-helices and four B-strands. It
recognizes the consensus sequence GGA[A/T] [247]. While Ets1 regulates gene
expression individually, other transcription factor complexes also assist Ets1. We took the
structure of Ets1 from PDB ID: 3WTY, where Ets1, Runx1, and CBFp together bind the
TCRa enhancer [248]. Ets1 binds as a monomer and binds to the GGAT DNA sequence in
this structure. We changed the adenine to thymine, so the non-consensus sequence is
GGTT. As per our specificity preferences, the tyrosine, which was interacting with adenine,

should be mutated to arginine for specific binding to the non-consensus sequence.

To analyse the relative specificity of the predicted DNA-protein complex, we simulated it
along with the complexes of wild-type DNA-protein, wild-type protein-non-consensus
sequence and mutant protein-wild-type DNA. We plotted the average RMSD (calculated
from the average structure), RMSF, the distance between the centroids of the protein and
DNA, total DNA-protein hydrogen bond frequency, hydrogen bond frequency between the

nucleotide base and amino acids and the binding free energy of the complexes.

The average RMSD of the wild-type protein with the consensus (0.75 A) and non-
consensus DNA (0.84 A) is similar (p-value 0.13) but differs from mutant protein with
consensus (0.93 A) and non-consensus DNA (0.87 A) (p-values 0.001 and 0.03,
respectively) (Figure 3.11 (a)). However, the RMSF values are similar for all four systems
in the range 0.7 to 0.8 A (Figure 3.11 (b)).

The centroid distance between DNA and protein 22.5 A for the wild-type DNA-
protein complex, significantly larger than other complexes (p-value <0.00001). The shorted

DNA-protein centroid distance is 19.1 A between the mutant protein and consensus DNA
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(Figure 3.11 (c)). The overall hydrogen bonds have a similar frequency for wild-type and
mutant DNA-protein complexes with ~30 bonds (p value 0.63). However, the Ets1 wild-
type protein has ~32 hydrogen bonds with the non-consensus substrate, which is the
largest among all complexes (p-value 0.0001) (Figure 3.11 (d)). The wild-type protein with
consensus (7.5) and non-consensus DNA (7.7) had the highest and similar number of
nucleotide-specific hydrogen bonds (p-value 0.39). Despite this, the binding energy of the
wild-type protein is maximum with the non-consensus DNA at 03.7Kcal/mol (p-value
<0.00001, Figure 3.11 (e)). The mutant protein has a better binding energy with the
predicted non-consensus DNA (-66.2 kcal/mol) as compared to the wild-type DNA (62.7
kcal/mol) (p-value <0.00001).
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Figure 3.11: MD results of Ets1 wild-type and mutant proteins

-depicting RMSD (a), RMSF (b), Centroid distance between DNA and protein (c), Total
hydrogen bonds (d), Total hydrogen bonds with nucleotide base (e) and Binding energy (f).
The wild-type (WT) and mutant (MT) proteins are shown in blue and orange, respectively.
The WT and MT DNA are depicted in solid and dotted lines, respectively.

3.4.4 EcoRV

EcoRV is a restriction enzyme from Escherichia coli that is produced by the bacteria
to protect itself against foreign DNA. The enzyme recognizes the GATATC sequence and
makes a blunt cut at the central TA (GAT/ATC). The bacteria protect the self genome from
cleavage by methylating the first adenine in the recognition sequence. The methylated

adenine-containing consensus sequence is not cleaved by EcoRV [249,250].

EcoRV has a mixed a/f structure that recognizes the 6-nucleotide cognate
sequence as a dimer in the presence of Mg* ions [251]. The enzyme-bound DNA
conformation is bent, and it is hypothesized that the substrate recognition is dependent on
direct and indirect readout [252]. Since restriction enzymes have more stringent sequence
recognition than transcription factors, we chose this system for validation. We changed the
central Ato C, and since the recognition site is a palindrome, the non-consensus sequence
generated was GCTAGC. The thymine was involved in a hydrogen bond interaction with a

serine (residue number 183). Our method predicted that a serine to glutamine mutation
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would allow recognition of GCTAGC, while minimizing the interaction with the consensus

sequence.

To validate the prediction, we performed MD simulations of the wild-type DNA-
protein, the mutant protein-non-consensus DNA, wild-type protein-non-consensus DNA
and mutant protein-wild-type DNA complexes. We analysed the results using some
measure such as the average RMSD (calculated from the average structure), RMSF, the
distance between the centroids of the protein and DNA, total DNA-protein hydrogen bond
frequency, hydrogen bond frequency between the nucleotide base and amino acids and
the binding free energy of the complexes. The RMSD, RMSF and the DNA-protein
centroid distance of the wild-type DNA-protein complex was different from the mutant
protein-wild-type DNA complex (p-values 0.001, <0.00001 and <0.00001, respectively,
Figure 3.12).
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Figure 3.12: MD results of EcoRV wild-type and mutant proteins

-depicting RMSD (a), RMSF (chain A) (b), RMSF (chain B) (c), Centroid distance between
DNA and protein (d), Total hydrogen bonds (e), Total hydrogen bonds with nucleotide base
(f) and Binding energy (g). The wild-type (WT) and mutant (MT) proteins are shown in blue
and orange, respectively. The WT and MT DNA are in solid and dotted lines, respectively.

None of the other complexes showed a difference in RMSD or RMSF with the averages in
the range of 0.7 to 0.8 A. The EcoRV mutant protein had 10 A between DNA and protein
molecules, which was significantly lower than the other systems (p-value <0.00001). The
total and nucleotide-specific hydrogen bonds were the highest in the complex of wild-type
protein with the non-consensus DNA with 74 and 22 bonds, respectively (p-values 0.0047
and <0.00001, respectively). However, the binding energy was comparable between the
wild-type protein interaction with mutant DNA with binding energies, -122.5 and -123.7
kcal/mol, respectively. (p-value 0.24). The EcoRV mutant protein also had a similar binding
energy profile with the wild-type consensus and the predicted non-consensus DNA with -
103.4 and -10.4 kcal/mol (p-value 0.37).
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3.4.5 Summary of validation with MD simulations

We performed MD simulations for Zif-268, Myc, Ets1 and EcoRYV to validate the procedure
of changing the specificity of a DNA-binding protein. We compared the RMSD, distance
between the centroids, overall and specific hydrogen bonds and the binding energy to
analyse the relative binding of the wild-type and mutant proteins to different DNA
substrates (Table 3.5, Appendix 11-15).

Zif-268 MT2 protein-DNA complex had the best binding among all Zif-268
complexes at -96.6 kcal/mol. However, it did not have the best values for total and
nucleotide-specific hydrogen bonds. Therefore, the contribution from non-hydrogen bond
interactions may be responsible for deciding the binding energy. The wild-type Zif-268
protein had better binding to MT1 DNA (-83.5 kcal/mol) than to its consensus (-62.4
kcal/mol) (p-value <0.00001).The binding energy of the MT1 protein was greater for the
wild-type DNA (-70.7 kcal/mol) than the experimentally determined substrate (-619
kcal/mol) (p-value <0.00001).

Since the Zif-268 mutants were crystallized and we had modelled the mutations for
Myc, Ets1 and EcoRV, we modelled the Zif-268 mutants as a control. We compared the
binding energy of models of the Zif-268 wild-type, MT1 and MT2 DNA-protein complexes
with each other and to the corresponding crystal structures. The modelled wild-type and
MT2 complexes had a statistically different binding energy profile compared to their crystal
structure counterparts (p-value <0.00001). While the binding energy improved for the wild-
type after modelling it from -62.4 to -66.5 kcal/mol, it became worse for MT2 from -96.6 to -
78.9 kcal/mol. However, MT1 model did not have a difference in binding energy compared
to its crystal structure with average values of -61.0 and -61.9, respectively (p-value 0.48)
or the crystal structure of the wild-type protein (-62.4) (p-value 0.06). Thus the simulation
performed by modelling of the mutation may not correspond to the actual specificity as the

model accuracy may influence the outcome.

The wild-type Myc DNA-protein complex was the best binding system for this
protein with an energy of -107.6 kcal/mol. The total number of hydrogen bonds between

the DNA and protein were also highest for Myc wild-type DNA-protein complex (47). The
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Myc mutant protein had a better binding energy with the wild-type DNA (-83.5 kcal/mol)
than the predicted non-consensus DNA (-65.9 kcal/mol) (p-value <0.00001).

Ets1 wild-type protein had a better binding energy with the non-consensus (-73.7
kcal/mol) than its cognate DNA (-69.2 kcal/mol). The overall and nucleotide-specific
hydrogen bonds are also maximum for this complex (32 and 8, respectively). The Ets1
mutant protein with the non-consensus DNA (-66.2 kcal/mol) has a higher binding energy
compared to the wild-type protein with this DNA (-62.7Kcal/mol). However, the wild-type
protein also shows better binding to the predicted non-consensus substrate and hence

confounds the results.

The binding energy of the EcoRV wild-type protein was similar towards the
consensus (-122.5 kcal/mol) and the non-consensus (-123.7 kcal/mol). Similarly, there was

no distinction between the binding energy of the mutant protein with the two substrates.

The initial assumption was that the wild-type protein should have a better affinity to
its consensus sequence than any other sequence. However, Zif-268, Ets1 and EcoRV
violate this assumption. Zif-268 wild-type protein interaction with the wild-type and the MT1
DNA had similar binding energy values (p-value 0.66). The binding energy for Ets1 wild-
type protein was better with the mutant substrate (p-value <0.00001) and for EcoRV it was

comparable between the wild-type DNA and non-consensus substrate (p-value 0.24).

We analysed the correlation between the different criteria used to compare the
DNA-protein complexes towards the binding energy. The Pearson’s Correlation coefficient
was the highest between the total number of hydrogen bonds (0.75) and the binding
energy. This is expected since the binding energy has a bonded interaction term for its
calculation. However, the correlation between the nucleotide-specific hydrogen bonds and
the binding energy is only 0.39 (about half of that with the total bonds). Since the specific
interactions distinguish between the different DNA-protein complexes, this is the term that
we should be monitoring to assess whether the prediction was successful. However, in
Ets1, Myc and EcoRV the highest specific interactions are observed between the wild-type
protein with the mutant DNA substrate. In addition, we also checked the retention of the

hydrogen bonds present initially in the crystal structure (Appendix 18).

124



Table 3.5: MD analysis of wild-type and mutant proteins with different DNA substrates. The
average RMSD (A), Centroid distance between DNA-protein (A), the total DNA-protein
hydrogen bonds, the nucleotide-specific hydrogen bonds and the binding energy (kcal/mol)
are reported. WT and MT stand for wild-type and mutant, respectively. # indicates that the
models of these proteins were used instead of the crystal structure. The values in bold
represent the best value for that protein (lowest RMSD, centroid distance and binding
energy; highest total hydrogen bonds and nucleotide-specific hydrogen bonds). The p-
value was obtained through one-way ANOVA test with respect to the wild-type DNA-
protein crystal structure. The cells coloured green do not have a statistically significant p-

value. For detailed triplicate data and p-values refer to Appendices 10-14.

Sr. No Protein DNA RMSD Centroid | Total H-bonds | Specific H-bonds | Binding Energy
1 Zif-268 WT | WT |1.71 +/-0.7| 3.06 +/-0.7 | 37.39 +/-11.5| 13.21 +/-3.7 -62.4 +/- 10.9
2 Zif-268 MT1 | MT1 | 2.87 +/-0.9 | 3.21 +/-0.8 (40.39 +/- 10.7| 14.36 +/-2.6 -61.9 +/- 19.5
3 Zif-268 MT2 | MT2|3.01 +/-1.1| 3.16 +/-1.0 | 38.33 +/- 10.3| 11.91 +/-2.5 -96.6 +/- 26.4
4 Zif-268 WT # | WT [1.55 +/-0.6| 3.85 +/- 0.7 | 45.81 +/-5.3 14.47 +/- 3.5 -66.5 +/- 10.8
5 |Zif-268 MT1# MT1 |1.22 +/-0.4 | 3.46 +/-0.8 | 46.94 +/-6.0 15.89 +/- 2.6 -61.1 +/- 14.9
6 |Zif-268 MT2# MT2 | 1.16 +/-0.3| 3.70 +/- 0.7 | 45.44 +/- 6.6 16.65 +/- 2.7 -78.9 +/- 18.6
7 Zif-268 WT | MT1 |1.31+4/-0.6| 2.55+/-0.8 | 47.09 +/-5.1 14.23 +/- 1.9 -83.5+/-13.0
8 Zif-268 WT | MT2 | 1.44 +/-0.6 | 3.60 +/-0.9 | 43.90 +/- 5.7 16.62 +/- 1.8 -47.6 +/- 8.8
9 Zif-268 MT1 | WT |1.15+/-0.3| 457 +/-0.5 | 43.80 +/-5.4 14.65 +/- 2.0 -70.7 +/-16.9
10 | Zif-268 MT2 | WT |1.50 +/-0.6| 3.55 +/-0.6 | 46.89 +/- 7.8 14.92 +/- 2.7 -77.9 +/-23.7
11 Myc WT WT 450 +/-1.4|16.86 +/- 1.6 | 46.66 +/- 5.4 6.45 +/- 2.2 -107.6 +/- 18.8
12 Myc MT MT [4.97 +/-1.7 [16.81 +/-1.3 | 32.43 +/-4.5 5.22 +/-1.8 -65.9 +/- 12.0
13 Myc WT MT |4.28 +/-2.2|17.91 +/-1.1| 39.72 +/- 5.2 7.42 +/-2.3 -83.3 +/-13.0
14 Myc MT WT |3.86 +/-1.6 | 18.48 +/- 1.0 | 39.75 +/- 6.2 5.89 +/- 3.3 -82.3 +/-25.8
15 Ets1 WT WT | 0.76 +/- 0.2 | 22.47 +/- 1.6 | 29.59 +/- 3.9 7.55 +/- 3.8 -69.2 +/-9.2
16 Ets1 MT MT |0.87 +/- 0.3 |20.37 +/- 0.2 | 29.79 +/- 4.5 6.11 +/-4.5 -66.2 +/- 11.9
17 Ets1 WT MT |0.85 +/-0.3|20.02 +/-0.9| 31.66 +/- 3.6 7.78 +/- 3.6 -73.7 +/-16.4
18 Ets1 MT WT |0.93 +/-0.3|19.11 +/-1.1| 2585 +/-4.6 5.31+/-4.6 -62.7 +/- 11.8
19 EcoRVWT | WT |0.75 +/-0.2|10.45 +/-0.7 | 70.06 +/- 7.2 19.17 +/-1.8 | -122.5 +/-22.4
20 EcoRV MT | MT |0.81 +/-0.2|10.47 +/-0.5| 70.93 +/- 7.9 19.48 +/-2.8 | -103.4 +/-20.4
21 EcoRVWT | MT |0.79 +/-0.2|10.40 +/- 0.5 | 74.37 +/- 10.6 21.7 +/-4.8 -123.7 +/- 22.3
22 EcoRV MT | WT |0.85+/-0.2/10.04 +/-0.4 | 68.45 +/- 8.8 19.02 +/-2.3 | -104.4 +/-24.5

125




The Zif-268 MT2 model had the highest retention of the original bonds from the crystal
structure with the bonds being retained in 43.5 snapshots on an average out of 50. Myc
wild-type protein had the highest retention of bonds with the non-consensus DNA
(26.2/50). However, in the other two cases, i.e., Ets1 and EcoRYV, the wild-type proteins
with their cognate sequences had the highest retention at 43.8 and 36.0, respectively. The
molecular dynamics system maintains the overall energy of the system relatively constant.
The original bonds can be replaced by water molecules without any energetic loss and

therefore, looking at hydrogen bond retention as a proxy for specificity may not work.

Thus, to conclude whether the predicted mutations result in specificity change
according to MD simulations, we analysed the relative binding energy. However, the
predicted mutants had a higher binding energy than the wild-type in all cases. Therefore,
we compared the binding energy of the mutant protein towards the predicted and wild-type
substrate. The Myc mutant protein does not show better binding to the predicted substrate
as compared to the wild-type substrate. Ets1 mutant shows a better binding towards the
predicted substrate compared to the wild-type DNA and EcoRV exhibits similar binding

towards both substrates.

3.5 Discussions

The current chapter discussed the in-silico validation techniques to demonstrate the
applicability of the DNA-protein recognition preferences such as- the prediction of amino
acids involved in zinc finger protein recognition, the prediction of the MSA of a protein from
the PWM of its binding site, changing the specificity of a DNA-binding protein and

predicting the effect of mutations of DNA-binding domain.

We validated the predictions from our method using the zinc finger code. We used
two zinc finger datasets for the validation. The first set was optimized using SELEX
experiments to bind the intended target sequences. The second set was obtained through
the PDB and had the zinc finger protein annotation. We can predict the experimentally
optimized sequences comparatively more accurately than the 3D-structures from the PDB.

We have noted in Chapter 2 that the nucleotides have interactions with all amino acids
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with various degrees. The analysis of multiple sequence alignments also revealed the
presence of the predicted amino acid in the close homologs of the DNA-binding protein.
The crystal structure has one of the variants that can specifically bind and the prediction is
not necessarily incorrect if the predicted and actual amino acid in the protein do not match.
This hypothesis is further supported by better predictions on the experimentally

determined specific DNA-protein complexes.

The second validation was done on the prediction of the MSA of a protein from the
PWM of its recognition sequence. The differences in the DNA consensus site may have
their origin in the changed amino acid partners in their recognizing proteins. We predicted
the amino acids for the PWMs and compared them with the amino acids obtained trough
evolutionary analysis (PSIBLAST). The MCC of our method was 0.17, which is not very
high. We observed that the low true positive rate was primarily responsible for the low
MCC, while the true negative rate was high. This implies that correct amino acid
identification is a problem, but what is not specific is very clear. To increase the correct
predictions, we need more structural data, which will allow us to explore machine learning

techniques.

Another in-silico validation was to predict the effect of a mutation in the DNA-binding
protein when the amino acid was involved in hydrogen bonding with DNA. We had an
accuracy of 59% in predicting whether the mutation would result in an increase or a
decrease in the binding affinity. However, this accuracy increases to 76% if we exclude the
nucleotides for which we have no observations in our dataset. Thus, with the increase in

availability of data in the future, we can expect the accuracy of this method to increase.

The ProNIT dataset contains Myb protein (PDB ID: 1MSE), which was mutated to
multiple amino acids and the binding affinity for all of them with DNA was determined by
isothermal calorimetry [253]. There are 26 unique mutations of amino acid-trinucleotide
pair in the protein. However, since we grouped amino acids into classes based on their
functional groups, some of the mutations share the same amino acid-trinucleotide pairs.
We compared the binding affinity change when the wild-type and mutated pair was the

same in the dataset. With the same mutation, the binding affinities ranged between a 100-
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fold reduction to twice that of the wild-type. For the same kind of mutation, this variation in
the binding affinity makes it difficult to generate a generalized method for quantifying the
change in affinity. However, with more data, rather than just predicting the increase or

decrease, we could attempt to quantify the change in affinity in the future.

The final validation involved predicting the mutation in DNA-binding proteins to bind
a sequence of interest. Changing the specificity of a DNA-binding protein has been
attempted in previous studies [254—-256]. Most of these methods rely on the randomization
of amino acids and screening of the complexes. The rational design of a DNA-binding
protein to recognize a sequence of interest has been a difficult problem to solve due to the
absence of a universal recognition code. Thus, we employed our probability-based method
to understand if our method could solve this problem. To evaluate whether the predicted

protein binds to its intended target specifically, we employed MD simulations.

As an experimental control, we used zinc finger wild-type protein and its variants,
which have been experimentally optimized to recognize a target sequence. We noticed
that the use of models of these proteins instead of the crystal structure had higher binding
energies. Also, the wild-type protein bound to the non-cognate DNA with a better binding
energy than to the cognate sequence. A similar observation was made with one of the
variants, which had a better binding energy towards the wild-type cognate site and not the
experimentally determined site. Since these control experiments did not give the expected
results, it decreases the confidence in the validation of the predictions using MD

simulations.

The binding energy showed that the predicted protein mutant bound with a better
energy with the intended target for Ets1. In the case of EcoRV mutant, the binding
energies were comparable between the intended target and the wild-type site. However,
Myc showed that the mutant protein retains the original specificity towards the wild-type
consensus site. We also noticed that the binding energy of the predicted mutant proteins
was lower than their wild-type counterparts. It has been noted that the engineering of

specificity can lead to reduced affinity [257]. We have also noticed this in the dataset that
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we curated from ProNIT. Therefore, we validated these predicted mutations using in-vitro

techniques (discussed in Chapter 4).
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3.7 Chapter summary

In this chapter, we have discussed the four in-silico validation approaches for the
prediction of amino acids specific for a DNA sequence.

The validation using zinc finger proteins showed better results in top1 (56%) than our
training and testing set as well as the zinc finger protein crystal structures.

The prediction of MSA of a protein from its recognition site showed that our ranks are
correlated with the occurrence of the amino acid in the MSA of the protein constructed
from sequences of close homologs.

The prediction of the effect of mutation on the binding affinity could successfully predict the
increase or decrease in binding affinity in 76% of the cases where the trinucleotide data
was available.

Finally, we validated our predictions by changing the DNA-binding specificity of proteins
and analysing them using Molecular Dynamics (MD) simulations. However, the control
system of Zif-268 showed that the wild-type protein had a better binding energy towards
the non-cognate DNA than its consensus sequence.

Moreover, the modelling of the mutations increases the binding energy of the DNA-protein
complex in two cases and increases it in one case.

The results for the predicted mutations showed that Myc mutant had better binding to the
wild-type consensus sequence. Ets1 mutant had a better binding towards the non-
consensus DNA that it was predicted to bind. There was no significant difference in binding

of the EcoRV mutant or wild-type proteins to bind either the cognate or non-cognate sites.
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CHAPTER 4: In-vitro Validation of Predicting

Amino Acids for a DNA Sequence

OVERVIEW
Changing the specificity of DNA-binding protein
Methods for molecular cloning, expression and purification
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o Expression and purification

In-vitro Binding Assays for Ets1 and Myc

o Electrophoretic Mobility Shift Assay (EMSA)

o Microscale Thermophoresis (MST)

o Nano Differential Scanning Fluorimetry (NanoDSF)
Comparison of binding using different in-vitro techniques
Discussions

Chapter summary
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The previous chapter dealt with the in-silico validation of the method for predicting amino
acids specific to a given DNA sequence. In this chapter, we describe the results for in-vitro

validation.

4.1 Changing the specificity of DNA-binding protein

We have a probabilistic measure of specific binding between nucleotides and amino
acids by analysing DNA-protein complex structures. In chapter 3, one of the validations
was to change the specificity of a DNA-binding protein from a known consensus sequence
to a sequence of our choice. We had evaluated the predictions using molecular dynamics
simulations, and it did not reveal any clear outcomes about the accuracy of our method.

Therefore, we attempted to verify the mutations in-vitro.

We had chosen the same systems from chapter 3 for validation- EcoRV, Ets1 and
Myc. We made predictions for mutations to be made on the protein for it to recognize a
sequence of interest as described in chapter 3, Table 3.3. An additional double mutant for

Myc was also generated (Table 4.1).

Table 4.1: The experimental systems selected for changing their DNA-binding specificity

Sr. No |Protein Wild-type consensus Non-consensus Predicted Mutation in protein

1 Ets1 GGA[A/T] GGTT Tyr (395.C)-> Arg

2 Myc CACGTG CATATG Arg (20.A)-> GIn

3 Myc CACGTG ATCGAT His (12.A)—GlIn +Glu(16.A)->Tyr
4 EcoRV GATATC GGTACC Ser (183.A)-> Gin

4.2 Methods for molecular cloning, expression and purification

The wild-type genes for these proteins were synthesized by Genscript. The EcoRV
enzyme cleaves the unmethylated GATATC sites [249,251,252]. Therefore, we required
the EcoRV methyltransferase to express this enzyme without killing the host bacteria. We
obtained the plasmid containing the EcoRV methyltransferase gene from Prof. Dr. Albert
Jeltsch (University of Stuttgart).
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4.2.1 Cloning

We followed the restriction-free (RF) strategy (described in the introduction to techniques,
section 7) for cloning. This technique involved polymerase chain reactions (PCR) to obtain

the required gene.

4.2.1.1 PCR protocol

For all steps of the PCR, we used autoclaved distilled water (D/W), 10x pfu polymerase
buffer (Table 4.2), Roche deoxynucleotides (dNTPs) and polymerase purified by Dr.
Saikrishnan’s lab. The components for making the buffer were from Sigma and available in
the common biology lab supplies. We followed a general PCR protocol and made changes
to the extension time as per the size of the product to be amplified (Tables 4.3 and 4.4).

The list of primers used in this study are mentioned in Table 4.5.

Table 4.2: Composition of 10X pfu polymerase buffer (pH 8.3 at 25°C)

Component Concentration
Tris.HCI 100 mM
MgCl, 20 mM

KCI 500 mM

Table 4.3: PCR reaction setup for cloning

Component Concentration Volume

Pfu buffer 10X 5uL

dNTPs 10mM of each dATP, dCTP, dGTP, dTTP 2 uL

Forward Primer 10 uM 2 uL

Reverse Primer 10 uM 2 uL

Template Up to 50ng for 50uL reaction variable

Polymerase - 0.8 uL

Autoclaved D/W - Make up volume to 50 pL
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Table 4.4: The PCR protocol used for cloning

Repetition Step Temperature (°C) Time
1 Initial denaturation 95 2 minutes
Denature 95 30 seconds
35 Anneal 55 30 seconds
Extend 72 1Kb per min
1 Final Extension 72 2x(1Kb per min)

4.2.1.2 RF cloning

We used the RF strategy to clone the mutants for EcoRV, Ets1 and Myc. The genes
received from Genscript were in pET22 (+) plasmid and had a pelB signal sequence for
ease of purification. However, this pelB sequence was not cleaved in the expression
strains (BL21A1 and BL21DE3). Therefore we cloned the wild-type and mutant genes into
the pHis17 plasmid from Dr. Saikrishnan’s lab. For allowing expression of the gene,
pHis17 has T7 promoter and T7 terminator regions. The T7 forward primer is the promoter
sequence near the transcription start site recognized by T7 RNA polymerase [258]. The T7
reverse primer is the sequence present after the gene and forms a stable stem-loop

structure, which acts as a termination signal for the T7 RNA polymerase [259].

To change the plasmid backbone of the wild-type genes, we needed to perform two
steps of PCR. In the first step, we designed the forward and reverse primers such that part
of it had complementarity with the gene, and part of it was complementary to pHis17. We
used the Genscript-provided plasmid with our gene of interest as the template. So the
product generated by PCR had the gene with ends that were complementary to the vector
plasmid. We purified this DNA fragment using Qiagen PCR purification kits to remove
unused primers, dNTPs and polymerase. We replaced the gene in the pHis17 plasmid with
our gene of interest in the second step of PCR. We used the pHis17 plasmid with the
McrBC gene as the template. The product from the first PCR acted as the forward and
reverse primers for the second step. Thus, during the PCR, only the remaining backbone

of the pHis17 plasmid would get added to the first PCR product.
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To introduce a mutation as well, we performed two steps of PCR. In the first step,
the forward primer was complementary to the region where we wanted to mutate, except
for the codon where we wanted to make the change. We used the wild-type gene in the
pHis17 plasmid as the template and T7 reverse for this PCR. Thus, the resultant PCR
product had part of the gene, the desired mutation, and part of the pHis17 plasmid. The
product from the first PCR acted as the forward and reverse primers for the second step.
We used the wild-type gene-containing plasmid as the template. Therefore, the second
step extended the first PCR product to have the whole gene and the plasmid and mutation

of interest.

For EcoRV, we needed to transform two genes into bacteria- restriction enzyme and
the methyltransferase. Since only one plasmid is sufficient for ampicillin resistance, we
would not know whether both genes have got transformed. Therefore, we cloned the
EcoRV methyltransferase in a plasmid with ampicillin resistance and the EcoRV restriction
enzyme in a plasmid with kanamycin resistance. Therefore, during selection, we can use
both antibiotics to obtain the bacteria that have the methyltransferase and the restriction

enzyme.

Table 4.5: The sequences of primers used for cloning.

F and R indicate forward and reverse, respectively.

Sr. No Primer Name Length Primer Sequence
T7F 20 |TAATACGACTCACTATAGGG
2 |T7R 19 |GCTAGTTATTGCTCAGCGG
3 | pHis EcoRV Gene F 40 _CI_:gTTAAGAAGGAGATATACATATGATGAGTCTTCGTTC
. GATGATGATGATGATGGGATCCTTATTTTCTTCCTCG
4 pHis EcoRV Gene R 45 GTATATCC
5 |EcoRV S183QF 37 gGAGATTTGGCAGGACAAGGAAACACAACAAATATA
6 |MycR20QF 24 | GTCAGCGTCAGAACGAACTGAAAC
7 | pHis EcoRV Methyltransferase F | 45 CTTTAAGAAGGAGATATACATATGAAAGATAAAGTTTT
TGTTCCG
: GATGATGATGATGATGGGATCCTCACTCTTCAATTAC
8 | pHis EcoRV Methyltransferase R| 46 CAAAATATC
9 His Ets1 Gene F 49 CTTTAAGAAGGAGATATACATATGAGCCTGCAACGTG
P TGCCGAGCTATG
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10 |pHis Ets1 Gene R 28 |CCGGACGCGGATGAACTCGAGCACCACC

CTTTAAGAAGGAGATATACATATGAAGCACCACCACC

11 | pHis Myc Gene F 45 ACCACCAC
12 |pHis Myc Gene R 35 |GATGATGATGATGATGGGATCCTTACGCGCAGCTG
13 |Ets1Y395RF 29 |GCCGTGGTCTGCGTCGTTACTACGATAAG

4.2.1.3 Transformation protocol

We needed to ensure that only the desired PCR product gets inserted into the bacteria
and none of the other templates used during PCR. Therefore, we added 0.5 pL of Dpnl
enzyme to 9.5 pL of the final PCR product and incubated it for 3 hours at 37°C. This
enzyme cleaves the DNA, which has methylated adenine in the GATC sites. Since we
have obtained the PCR templates from bacteria, they will have methylated adenine.

However, our PCR products would not have any methylation and escape degradation.

We transformed these Dpnl digested products into bacterial cells by electroporation.
We added the Dpnl digested product to 80 uL of NEB Turbo electro-competent cells. The
DNA was incubated with the cells for 10 minutes on ice to allow surface adsorption. We
then added this mixture to an electro-cuvette (Gene Pulser®/MicroPulser, Biorad) and
diluted it using 100 uL chilled st. MiliQ. The cuvette was wiped thoroughly with a soft tissue
to remove moisture from the ice. A pulse of 2500 volts was supplied for 4 ms to the electro-
cuvette using the Biorad electroporator. We added 200 mL of 2X Luria Bertani, Miller (LB)

broth (HiMedia) to the electro-cuvette and incubated it for 30 minutes at 37°C.

The plasmid has an ampicillin resistance gene. Therefore, we spread the LB broth with the
transformed cells on a Petri-plate containing LB agar with ampicillin. After incubation at
37°C for 12-16 hours, we selected a few colonies from the plate for sequencing. We
inoculated individual colonies into LB broth with 100 ug/mL ampicillin. After 16 hours of
incubation at 37°C, the culture was centrifuged at 4500 rpm at 4°C for 15 minutes. The
plasmid was extracted from the cells using the Qiagen mini-prep kit. The size of the

plasmids was verified and we chose some for sequencing.
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4.2.2 Expression and purification

4.2.2.1 Myc

We used BL21Al cells to express Myc wild-type, R20Q mutant and Myc QY double
mutant proteins. We followed the same protocol for all three proteins. The transformed
cells were incubated in LB +ampicillin plate overnight at 37°C. A few colonies from the
plate were transferred to LB broth with ampicillin (100 pg/ml) at 37°C for 3 hours for
primary culture. 0.1% of the primary culture was inoculated into 2 L media with ampicillin
(100 pg/ml) and grown at 37°C till ODego (Optical density at a wavelength of 600 nm) was
0.8. The culture was then induced with 0.1% arabinose and incubated at 14°C for 18
hours. We centrifuged the culture at 4500 rpm and, after discarding the LB, redissolved the

pellet in lysis buffer (Table 4.6).

We sonicated the cells with 1 second on- 3 seconds off cycles for 3 mins. We
repeated the sonication with the same settings after 10 minutes of incubation on ice. We
used ultracentrifugation at 37000 rpm for 50 mins at 4°C to separate the soluble and
insoluble proteins. The supernatant was loaded on a Ni-NTA column (HisTrap HP, 5 mL,
GE Healthcare) and eluted with a gradient of B250 and B1000 buffers (Table 4.7). 10 mL
protein fractions were collected at 0, 10, 20, 30, 50 and 100% B1000. We denatured the
protein fractions in 2x Sodium Dodecyl Sulfate (SDS) dye (Table 4.8) at 95°C for 10
minutes and centrifuged it at 14000 rpm for 10 minutes. We loaded the supernatant on
18% SDS-polyacrylamide gel (Table 4.9)

We dialysed the purest fraction in SnakeSkin dialysis tubing (3.5K MWCO 22mm,
ThermoFischer) using 2 L dialysis buffer (Table 4.10) for 2 hours at 4°C (Figure 4.1 (a),
Lanes 4,5 and 4.1 (b), Lanes 5,6 and Lane 7 in 4.1 (c)). We concentrated the dialysed
protein to 1.2 mg/mL in centricons (Vivaspin Turbo 15, 10,000 MWCO PES, Sartorius),
flash-freezed and stored at -80°C. The Myc wild-type protein is a strong leucine zipper
protein and does not dissociate into individual units even after SDS denaturation.

Therefore, the wild-type protein does not correspond to the expected protein size.
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Table 4.6: Composition of Myc lysis buffer

Component Concentration
Tris.Hcl (pH 8.0) 20 mM

NacCl 250 mM
Ethylenediamine tetra-acetic acid (EDTA) 1mM

Table 4.7: Composition of Ni-NTA buffers for Myc

Component B250 B1000
Tris.Hcl (pH 8.0) 20 mM 20 mM
NaCl 250 mM 250 mM
Imidazole 250 mM 1™

Table 4.8: Composition of 2x SDS dye

Component Concentration
Tris.Hcl (pH 6.8) 125 mM

SDS 4 %
Bromophenol blue 0.02 %
Glycerol 20 %
Dithiothreitol (DTT) 200 mM

Table 4.9: Composition of 18% SDS-polyacrylamide gel

Component Stacking Gel (2 mL) |Resolving Gel (5 mL)
1.5M Tris.Hcl (pH 8.8) - 1.25 mL

1.5 M Tris.Hcl (pH 6.8) 250 pL -

30 % Acrylamide-bisacrylamide (AB) mix 330 L 3 mL

10% SDS 20 L 50 pL

10% Ammonium persulfate (APS) 20 yL 50 uL

N, N, N’, N’- Tetramethylethylenediamine (TEMED) |4 pL 5puL

D/W 1.4 mL 645 pL
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Table 4.10: Composition of Myc dialysis buffer

Component Concentration
Tris.Hcl (pH 8.0) 20 mM

NaCl 500 mM

DTT 1 mM

(b)12345678910

20KDa 20 KDa

15KDa 15 KDa
10 KDa

(c) 1 23 4 5 67 8 9 10

20KDa
15KDa

Figure 4.1: SDS-PAGE gel after HisTrap column elution for Myc

-wild-type (a), R20Q mutant (b) and Myc QY double mutant (c). Lane 9 and 10 are the total
protein loaded on the column and the unbound protein, respectively in subplots (a), (b) and
(c). Lane 8 corresponds to the protein ladder in figures (a) and (c), while lane 1 is the
ladder in subplot (b). Other lanes contain eluted fractions. The protein monomer is 14 KDa

in size and is expected near the 15 KDa band.
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4.2.2.2 Ets1

The Ets1 wild-type and Y395R mutants were both expressed and purified using the
same protocol. The plasmid with the gene was transformed into BL21Al cells. The
transformed cells were incubated in LB with ampicillin plate overnight at 37°C. A patch of
colony was picked up and transferred to LB broth with ampicillin(100 pug/ml) at 37°C for 3
hours for primary culture. 0.1% of the primary culture was inoculated into 2 L media
ampicillin (100ug/ml) and grown at 37°C till ODey was 0.8. The culture was then induced
with 0.1% arabinose and incubated at 37°C for 3 hours. The culture was pelleted down at

4500 rpm and the pellet was redissolved in lysis buffer (Table 4.11).

It was then sonicated with 1 second on 3 second off cycles for 3 mins. This was
repeated after 10 minutes of incubation on ice. To separate the soluble and insoluble
proteins, ultracentrifugation was done at 37000 rpm for 50 mins at 4 °C. The supernatant
was loaded on Ni-NTA column (HisTrap HP, 5 mL, GE Healthcare) and eluted with a
gradient of B250 and B1000 (Table 4.12). 10mL protein fractions were collected at 0, 10,
20, 30, 50 and 100% B1000. They were loaded on 18% SDS-polyacrylamide gel and the
fraction with purest protein (Lane 6, for both Figure 4.2(a) and 4.2(b)) was collected in
SnakeSkin dialysis tubing (3.5K MWCO 22mm, ThermoFischer). It was dialysed in 2L
dialysis buffer (Table 4.13) for 16 hours at 4°C. The dialysed protein was concentrated to 2
mg/mL in centricons (Vivaspin Turbo 15, 10,000 MWCO PES, Sartorius). It was then flash-

freezed and stored at -80°C.
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Figure 4.2: SDS PAGE gel after HisTrap column elution of Ets1

20kDa

15kDa

10kDa

-wild-type (a) and Ets1 Y395R mutant (b) proteins. Lane 2 is the total protein loaded on the

column, Lane 1 is the unbound fraction and Lane 3 is the protein ladder in both figures.

Other lanes contain eluted fractions. The protein is 19 KDa in size and is expected near

the 20 KDa band.

Table 4.11: Composition of Ets1 lysis buffer

Component Concentration
Potassium phosphate buffer (pH 7.4) 50 mM

KCI 500 mM
MgCl, 10 mM
Imidazole 20 mM
Glycerol 10%

Table 4.12: Composition of Ni-NTA buffer for Ets1 buffer

Component B250 B1000
Potassium phosphate buffer (pH 7.4) 50 mM 50 mM
KCI 500 mM 500 mM
Imidazole 250 mM 1™

Table 4.13: Composition of Ets1 dialysis buffer

Component Concentration
Sodium phosphate buffer (pH 7.4) 50 mM

KCI 100 mM

DTT 1mM
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4.2.2.3 EcoRV

As described earlier, ECORV is a restriction enzyme that cleaves unmethylated GATATC
sites. The host bacterium is also susceptible to cleavage if the ECORV methyltransferase
does not methylate this site. We cloned the two genes into plasmids with different selection
markers (ampicillin and kanamycin). Therefore, we used culture media containing

ampicillin and kanamycin antibiotics to select bacteria with both genes using-
» Co-transformation: We added equal concentration (200 ng) of both the plasmids
and transformed them into BL21Al cells. However, we could not obtain colonies on

an LB plate with ampicillin and kanamycin antibiotics.

* Transformation of methyltransferase containing bacteria: Since transformation of
both plasmids together was not successful, we transformed methyltransferase
enzyme in BL21Al cells. We then made these bacteria competent (Figure 4.4) using
Acid Salt Buffer (ASB, Table 14). After that, we transformed the restriction enzyme

on these BL21Al cells containing the methyltransferase gene.

Table 4.14: Composition of ASB

Component Concentration

MnCl; 100 mM

CaCl; 100 mM

Sodium Acetate 40 mM

Adjust pH to 5.5 using acetic acid and filter with 0.22 pyM filter into autoclaved bottle

We tried expression at 30°C (5 hours), 37°C (3 hours) and 14°C (16 hours).
However, the ODsoo of the culture after incubation reduced from 0.8 to ~0.3, indicating cell
lysis. There was no reduction in O.D. if we did not induce the culture. We also tried
different cell types apart from BL21Al, such as BL21DE3, C43, and Rosetta. However, we
did not observe protein expression in any of them. The SDS-PAGE gel did not show a
difference in protein levels in uninduced and induced cultures with either BL21Al cells or
BL21DES3 cells (Figure 4.3). Instead, the protein levels seemed to be higher in the

uninduced culture. Around the expected size of the enzyme, there was no prominent band
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in the induced culture. Therefore, we could not proceed with the purification of the enzyme

and characterization of the mutant.

12345 6789101121314

Figure 4.3: Expression check gel for EcCORV

-using BL21Al (lanes 1-6) and BL21DE3 cells (lanes 9-14). The different fractions are-
uninduced lysate (lanes 1 and 9), induced lysate (lanes 2 and 10), uninduced supernatant
(lanes 3 and 11), induced supernatant (lanes 4 and 12), uninduced pellet (lanes 5 and 13)
and induced pellet (lanes 6 and 14). The ladder is shown in lane 7 and the expected

enzyme size is around the red arrow.

Grow BL21Al cells with methytransferase
overnight at 37 °C in 5 mL 2x LB (100ug/ml ampicillin)

|

Inoculate 600 pL in 60 mL 2x LB (100ug/ml ampicillin)

|

At 0.6 ODg, induce with 0.1% arabinose and keep for 5 minutes

i

Transfer to pre-chilled falcons and centrifuge at 4000 rpm,
4 °C, 25 minutes

|

Discard supernatent and resuspend pellet in 25 mL ASB

|
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i

Centrifuge at 4000 rpm, 4 °C, 15 minutes

i

Discard supernatent and resuspend pellet in 25 mL ASB

i

Centrifuge at 4000 rpm, 4 °C, 15 minutes

l

Discard supernatent and resuspend pellet in
2 mL ASB + 750 puL 80% glycerol

l

Aliquot into st. tubes and flash freeze

Figure 4.4: Protocol for competent cell preparation containing methyltransferase gene

4.3 Binding Assays for assessing specificity of Ets1 and Myc

We wanted to assess the binding of the mutant and wild-type proteins with different
DNA. Therefore, we employed three in-vitro techniques for this- Electrophoretic Mobility
Shift Assay (EMSA), Microscale Thermophoresis (MST) and Nano Differential Scanning
Fluorimetry (Nano-DSF). We procured lyophilized single-stranded (ss)-DNA sequences
from Sigma and Eurofins (Table 4.15) and used autoclaved D/W to obtain 100 yM DNA
concentration. We annealed these sequences to form double-stranded (ds) DNA (Table
4.16) in the binding buffers (Tables 4.17 and 4.18). The PCR steps gradually reduced from
99°C to 25°C, each step lasting 1 minute. The annealed DNA concentration is half of that
in the ss-DNA form. Therefore, 20 uM ss-DNA resulted in 10 yM ds-DNA.
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Table 4.15: DNA substrates for binding assays

Erotei Substrate Forward Reverse Length (bases)
Consensus ACCGGATGTGGCTTC GAAGCCACATCCGGT 15
Ets1 Non-consensus | ACCGGTTGTGGCTTC GAAGCCACAACCGGT 15
Non-specific GCATGCATGCATGCA TGCATGCATGCATGC 15
Consensus XACCCGGTCACGTGGCCTAC GTGTAGGCCACGTGACCGG 29
C GTG
Nqn-consensus CACCCGGTCATATGGCCTACA | GTGTAGGCCATATGACCGGG 29
Myc (Single Mutant) |C TG
?‘E;’;Jgfensensus 8ACCCGGTATCGATGCCTACA ?'GFGTAGGCATCGATACCGGG -
Mutant)
Non-specific _(?GTCCGAAGATTCTAGCATAA éTTATGCTAGAATCTTCGGAC 22
Table 4.16: DNA annealing protocol
Component Final Concentration Step Temperature Time
Forward primer 20 uM 1 99°C 1 minute
Reverse primer 20 uM 2 98°C 1 minute
Binding buffer 1Xx
Water Make up volume 77 25°C 1 minute

Table 4.17: Composition of Myc binding buffer (1x)

Component Concentration
Tris.Hcl (pH 8.0) 10 mM

NaCl 500 mM
MgCl, 5 mM

EDTA 1 mM

DTT 1 mM

Table 4.18: Ets1 binding buffer (1x)

Component Concentration
Phosphate buffer (pH 7.4) 50 mM

KCI 100 mM
MgCl, 2mM

DTT 1mM
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4.3.1 Electrophoretic Mobility Shift Assay (EMSA)

EMSA is a semi-quantitative assay to assess the binding of a protein with DNA
[192,193]. It involves adding increasing concentration of the protein to a constant DNA
concentration. The DNA migration is the readout where unbound DNA migrates faster in
an electric field, compared to protein-bound DNA. The binding assay was carried out by
incubating 500 nM ds-DNA with different protein concentrations at 12°C for 20 min in the
binding buffers (Tables 4.17 and 4.18 for Myc and Ets1, respectively). The reaction was
then loaded on 8% native polyacrylamide gel and run at 4°C, 150 V in Tris-Borate EDTA
(TBE) buffer (Table 4.19, Table 4.20) using the BioRad mini-Protean system.

Table 4.19: Composition of TBE buffer (1x)

Component Concentration
Tris.HCI (pH 8.0) 130 mM

Boric acid 45 mM

EDTA 2.5 mM

Table 4.20: Composition of 8% polyacrylamide gel (8 mL)

Component Concentration
D/W 419 mL

30% AB mix 2.1mL

5x TBE 1.6 mL

10% APS 100 pL
TEMED 10 pL

The gel was stained with Ethidium Bromide (EtBr) and the DNA intensity was quantified by
ImagedJ software [260]. The unbound DNA intensity was used to find the apparent binding
affinity using the formula-

C+[P]

Kd=( " ") —[P] Eq. 1

where, Ky is the apparent binding affinity in terms of the dissociation constant, C is the
intensity of unbound DNA with no protein added, [P]n.x is the maximum protein

concentration, y is the intensity of unbound-DNA when protein concentration [P] is used.
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4.3.1.1 EMSA results for Myc

The native PAGE showed binding of Myc wild-type protein with all the substrates
used (Figure 4.5). However, the apparent Ky was lowest for the consensus sequence
(Table 4.21).

In the case of the Myc R20Q single mutant, the DNA-shift occurs at the same
concentration for the wild-type consensus sequence and the predicted substrate for this
mutation (Figure 4.6). The binding affinity values calculated by Eq. 1 are also similar.
However, compared to the wild-type protein, the affinity of the Myc R20Q mutant is lower
for both the wild-type consensus DNA substrate and the random substrate. The proteins

now bind at similar binding affinities indicating a loss of specificity.

The Myc QY double mutant also shows DNA-shift at the same concentration for the wild-
type consensus sequence and the predicted substrate for this mutation (Figure 4.7).
However, as opposed to the single mutant, there is an improvement in binding to the
predicted substrate over the wild-type protein. Comparing the binding affinity of the Myc
QY double mutant protein with that of the wild-type protein towards the predicted substrate
shows a difference of 2 nM (standard deviation 1.6 nM). Binding to a random substrate
does not change much from 4.0 +/- 2.1 nM in the mutant protein to 4.7 +/- 1.3 nM in the

Myc double mutant.
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Figure 4.6: EMSA of Myc R20Q single mutant protein

-with wild-type consensus DNA (a), non-consensus single mutant (b) and random DNA
substrates (c). The protein concentrations are mentioned below each lane. The fraction of
bound DNA (x-axis) as a function of log. of protein concentration is plotted on each sub-
figure to the right.
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Table 4.21: EMSA results of Myc wild-type and mutant proteins with different substrates.

The values in bold indicate better binding affinity between the mutant and wild-type
proteins. The predicted substrate is the non-consensus single mutant substrate for Myc

R20Q and non-consensus double mutant substrate for Myc QY protein.

Apparent K4 (nM)
Sr. No Protein Substrate Mutant protein | Wild-type protein

Wild-type Consensus 6.7 +/- 2.7 1.9 +/-0.8

1 Myc R20Q single mutant Predicted Substrate 6.3 +/-2.3 6.6 +/- 2.1
Random Substrate 59+/-1.4 4.0 +/-21

Wild-type Consensus 1.6 +/- 0.2 1.9+/-0.8

2 Myc QY double mutant Predicted Substrate 1.6 +/- 0.2 3.6 +-1.6
Random Substrate 4.7 +/-1.3 4.0 +/-21

4.3.1.2 EMSA results for Ets1

The EMSA for Ets1 wild-type protein showed comparatively more efficient binding to the
wild-type consensus sequence (4.3 nM, Figure 4.8). The binding towards the non-
consensus substrate predicted to be specific towards the mutant protein was weaker (5.1
nM), yet it was better than the random DNA substrate (44 nM).

The Ets1 Y395R mutant exhibited comparatively better binding towards the wild-
type consensus sequence (5.8nM, Figure 4.9). Overall, the wild-type protein had better
binding than mutant protein for all substrates, except the random substrate (Table 4.22).

However, the Ets1 protein showed a lower binding affinity than the Myc protein.
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Table 4.22: EMSA results of Ets1 proteins with different substrates.
The better binding affinity values for each DNA substrate are highlighted in bold.

Apparent K4 (nM)
Sr. No Protein Substrate Mutant protein Wild-type protein
Wild-type Consensus 5.8 +/-1.4 4.3 +/-1.9
1 Y395R single Predicted Substrate 8.3+-1.8 5.1 +/-3.7
mutant
Random Substrate 7.2+4/1.9 43.9+/-4.8

4.3.2 Microscale Thermophoresis (MST)

MST is an in-vitro fluorescence-based technique to quantify the binding of
biomolecules (described in the introduction to techniques, section 9) [196,199]. Generally,
the ligand is fluorescently labelled, which is DNA in our case. However, we had purchased
DNA substrates without a label. Therefore, we labelled the proteins using an amine-
labelling dye (NHS) kit (NanoTemper Technologies). The dye has a reactive NHS-ester

group that forms covalent bonds with primary amines (lysine residues in proteins).

To label the proteins, we made a 100 pL solution of 10 uM concentration. In the
case of Myc, the protein was purified in Tris buffer and had DTT in the dialysis buffer, while
Ets1 did not have Tris but had DTT. These two components interfere with labelling.
Therefore, we used a buffer exchange column to remove them. We first added 200 pL of
150mM HEPES (pH 7.0) and centrifuged the column for 1 minute at 1500 g. We then
discarded the flowthrough and repeated this twice. After this, we added the protein and
centrifuged it for 2 minutes at 1500 g. The flowthrough with our buffer-exchanged protein
was collected in a 1.5 mL tube. The dye was in powder form, and it was resuspended in 30
ML of 100% dimethyl sulfoxide (DMSO). This generated a dye with a concentration of 470
MM. In order to ensure that all the proteins get labelled, we add five times more dye than
protein. Since our protein concentration was 10 yM, we added 10 pL of 470 uM dye (50
MM). The mixture was kept in the dark for 30 minutes.

The excess dye had to be removed from the mixture. Therefore, we used a second
column (also from the kit). We equilibrated the column by adding 2 mL 150 mM HEPES

buffer (pH 7.0) thrice. The column has an outlet that is closed with a stopper. The buffer
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was allowed to move out through gravity. After this, we added the labelled protein and 300
ML of 150 mM HEPES buffer. The first few drops were ignored. The remaining was

collected in 1.5 mL tubes.

The highest annealed DNA concentration for Myc was 40 uM, and for Ets1, it was 20 yM.
We made 1:1 serial dilutions of DNA for all proteins. The total reaction volume was 10 pL,
so we added 5 pL each of the DNA and protein. The DNA concentration ranged from 6 *
10" to 1 * 10 M for Ets1, whereas for Myc, it was 6 * 10" to 2 * 10° M. We used blue
and red labelling dyes with excitation wavelengths 495 and 521 nm, respectively. The
experiment was run on Monolith NT.115 with 100% excitation power and 40% MST power.
The accompanying software from NanoTemper Technologies (MO.Affinity Analysis v3.0.3)
was used to measure the binding affinities (Table 4.23). The software calculates the

binding affinity using FNorm function-

F
_ 4t Eq,2

norm ™
F,

F

where Fy and F; correspond to the fluorescence values before and after switching on the

laser, respectively.

While fitting the Kq model, if the highest concentration shows an upward trend, then the
FNorm values are plotted. However, if the curve indicates saturation, then the maximum
fluorescence value is assumed to correspond to the bound state. The FNorm values are

normalized to plot the fraction of DNA-bound.

The binding reaction was carried out in phosphate buffer for Myc R20Q since labelling was
performed in that buffer. Both the wild-type and Myc R20Q mutant proteins exhibit better
binding to the random DNA compared to the consensus and predicted substrates.
However, for both proteins, the binding to the two substrates is similar. The difference in
binding of Myc R20Q to consensus and predicted DNA is 1.4 pM, while the standard
deviations are 4.4 and 6.8 uyM (Table 4.23, Figure 4.11). Similarly, the wild-type protein

binding to the two substrates has a binding affinity difference of 0.8 uM, with standard
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deviations of 0.8 and 3 uM.(Figure 4.10). This implies that the wild-type protein does not

differentiate between these two substrates and neither does the Myc R20Q mutant.

The Myc QY double mutant protein aggregated in a solution without Tris. Therefore,
after labelling, the binding reaction was carried out in Tris buffer. The reactions with Myc
wild-type protein were also carried out in Tris for comparison. The Myc QY double mutant
shows better binding towards the predicted substrate (non-consensus double mutant)
compared to the wild-type consensus DNA substrate. The binding of Myc QY double
mutant to the random DNA substrate could not be detected by MST (Figure 4.12). In the
case of the Myc wild-type protein with the Tris buffer, the binding affinity is better than that
in the phosphate buffer, but in both cases, in the duplicate experiment binding was not
seen. However, the trend remains the same. The predicted non-consensus double mutant
substrate binds better than the wild-type consensus sequence. The random sequence has

a ~3-fold higher Kq value than the non-consensus double mutant substrate.

The Ets1 proteins showed aggregation after labelling with the NHS dye. We tried changing
different compositions of buffer (phosphate buffer with Tween, Tris buffer). Finally, we re-
labelled the proteins and immediately performed the experiment. While the 20-second time
for the experiment worked for Ets1 wild-type protein, we used 10-second experiment for

the Ets1 Y395R mutant to avoid aggregation.

Neither Ets1 wild-type nor Y395R mutant binds the random DNA. The wild-type
protein binding to its consensus shows a large variation of 0.4 yM compared to its binding
affinity i.e., 0.3 yM. However, the predicted mutant binds to the non-consensus DNA with
twice the affinity (Figures -4.13, 4.14).
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the curve used to calculate the binding affinities with the DNA concentration on the x-axis
and the fraction bound or FNorm on the y-axis. The data that could not fit a binding curve

is depicted in green (d).
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Figure 4.11: MST data for Myc R20Q single mutant protein
-interacting with wild-type consensus (a), non-consensus single mutant (b) and random
DNA substrates (c). The left side of each sub-figure shows the relative fluorescence values

during an MST experiment. The binding affinity calculation involved the region between the

157



blue and red bars. The right side shows the curve used to calculate the binding affinities

with the DNA concentration on the x-axis and the fraction bound or FNorm on the y-axis.
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Figure 4.12: MST data for Myc QY double mutant protein

-interacting with wild-type consensus (a), non-consensus single mutant (b) and random
DNA substrates (c). The left side of each sub-figure shows the relative fluorescence values
during an MST experiment. The binding affinity calculation involved the region between the

blue and red bars. The right side shows the curve used to calculate the binding affinities

158



with the DNA concentration on the x-axis and the fraction bound or FNorm on the y-axis.

The data that could not fit a binding curve is depicted in green (c).
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Figure 4.13: MST data for Ets1 wild-type protein

-interacting with wild-type consensus (a), non-consensus single mutant (b) and random
DNA substrates (c). The left side of each sub-figure shows the relative fluorescence values
during an MST experiment. The binding affinity calculation involved the region between the

blue and red bars. The right side shows the curve used to calculate the binding affinities
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with the DNA concentration on the x-axis and the fraction bound or FNorm on the y-axis.

The data that could not fit a binding curve is depicted in green (c).
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Figure 4.14: MST data for Ets1 Y395R protein

DNA Concentration (M)

-interacting with wild-type consensus (a), non-consensus single mutant (b) and random
DNA substrates (c). The left side of each sub-figure shows the relative fluorescence values
during an MST experiment. The binding affinity calculation involved the region between the
blue and red bars. The right side shows the curve used to calculate the binding affinities
with the DNA concentration on the x-axis and the fraction bound or FNorm on the y-axis.

The data that could not fit a binding curve is depicted in green (c).
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Table 4.23: Binding affinity values from the MST experiment.

The better binder between the wild-type and mutant proteins for each substrate is
highlighted in bold. ‘No fit’ indicates reactions where the data does not fit a binding curve
and therefore the Ky cannot be determined. * indicates no binding was detected in one of

the duplicates. # indicates data unavailable for the experiment

Ka (MM)
Sr. No Protein Substrate Mutant protein Wild-type protein
Wild-type Consensus 45+/-4.4 5.0+/-0.8
1| MycR20Qsingle [ ;o0 5.9 +/-6.8 4.2+-3.0
mutant
Random 4.0 +/-0.6 1.6 +/-0.9
Wild-type Consensus 7.1+/-04 0.4+/-0.4
o | MycQydouble o yiiteq 36+-1.3 0.2 +-0.3
mutant
Random No fit 1.8*
Wild-type Consensus 1.1+/-11 0.31+/-0.4
3 Ets1 Y395R Predicted 0.7 +/-0.5 0.36 +/- 0.01
Random No fit No fit

4.3.3 Nano Differential Scanning Fluorimetry (nanoDSF)

NanoDSF is an in-vitro technique to estimate the stability of proteins (refer to Chapter 1,
section 1.6.10) [202,204]. In our case, we used it to check the protective effect of ligands

on the unfolding of proteins.

We ran the experiment on Prometheus NT.48 and varied the temperature between 20 to
95 °C with a heating ramp of 1°C/minute. The intrinsic fluorescence of tryptophan and
tyrosine in the presence and absence of different DNA substrates indicated the protein
conformation. The reaction mixture consisted of 10 yL each of 10 yM DNA and 10 pyM
protein (in a protein only reaction, we used 20 uL of protein instead). We loaded 10 L of
this into a capillary and measured the fluorescence intensity at 350 and 330 nm. Using the
ratio of these intensities and the first derivative of this ratio, the software outputs a Tm

value (peak of the curve).

A higher Tm value compared to the Tm value of the protein alone indicates the stabilizing

effect of the DNA. In the case of the Myc wild-type protein, the highest Tm value is with the
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wild-type consensus sequence. The Myc R20Q single mutant has the best Tm for the
protein alone, while the Myc QY double mutant has the best Tm for the non-consensus
sequence. Rather than having a protective effect, the Tm value seems to be lower for Myc
R20Q. The measurement of Tm is through the absorbance of aromatic residues. The
occlusion of aromatic groups could be one of the reasons for this apparent reduction in Tm
upon DNA-binding.

Ets1 wild-type protein shows a higher Tm for the non-consensus substrate.
However, the difference between the wild-type and non-consensus substrates is 0.4 °C
and within experimental error limits. However, the Ets1 Y395R mutant has a better Tm with
the wild-type substrate than other DNA substrates (Table 4.24, Figures 4.15 and 4.16).

Table 4.24: Tm values measured by nanoDSF.
The highest Tm value for each protein is highlighted in bold.

Tm (°C) ATm (°C)
Sr. No Protein Substrate Mutant Wild-type Mutant Wild-type
- 61.5 48.0 - -
Myc R20Q | Wild-type Consensus 60.2 51.0 -1.3 3.0
1 single Predicted Substrate 60.3 49.1 1.2 1.1
mutant
Random Substrate 61.1 50.7 -0.4 2.7
- 43.5 48.0 - -
Wild-type Consensus 46.7 51.0 3.2 3.0
5 Myc QY
double Predicted Substrate 47.1 48.6 3.6 0.6
mutant
Random Substrate 46.1 50.7 2.6 2.7
- 52.9 53.2 - -
3 Etst Wild-type Consensus 55.6 54.2 2.7 1.0
Y395R yp : ; ; ;
Predicted Substrate 549 54.6 2.0 1.4
Random Substrate 55.0 53.8 2.1 0.6
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Figure 4.15: NanoDSF data for Myc

-wild-type (a), Myc R20Q single mutant (b) and Myc QY double mutant (c) proteins. The
top section of each figure shows the fluorescence intensity ratio at 350 and 330 nm
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wavelengths. The bottom section shows the first derivative of this ratio. The non-
consensus substrate 1 corresponds to the non-consensus single mutant substrate for Myc
single mutant, and the non-consensus substrate 2 is the non-consensus double mutant
substrate for Myc double mutant. The colours in the legend correspond to either protein

alone or with the different substrates.
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Figure 4.16: NanoDSF data for Ets1

-wild-type (a) and Ets1 Y395R mutant (b) proteins. The top section of each figure shows
the fluorescence intensity ratio at 350 and 330 nm wavelengths. The bottom section shows
the first derivative of this ratio. The colours in the legend correspond to either protein alone

or with the different substrates.
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We calculated the ATm for each protein-DNA substrate by subtracting the Tm value of the
protein alone from that of the complex. The ATm can indicate the effect of that DNA
sequence on the wild-type and mutant proteins. For Myc QY mutant, the stabilizing effect
of the wild-type consensus and random DNA is similar to the wild-type and mutant proteins
(ATm is similar). However, the ATm for Myc QY double mutant with the predicted non-
consensus is six times that of the wild-type protein. We did not observe a difference of this

magnitude in any other case.

4.4 Comparison of binding with different in-vitro techniques

We have analysed the binding between protein and DNA using three different techniques.
EMSA was semi-quantitative, MST was quantitative, and nanoDSF was an indirect assay.
Finding the same observation using different methods increases confidence in the results.
Therefore, we compared the binding of mutant and wild-type proteins towards each
substrate (Table 4.25).

*  Myc R20Q protein

Myc R20Q single mutant protein exhibited anomalous behaviour in nanoDSF where
the DNA-binding reduces the Tm value of the protein. As discussed previously, the
Tm is detected using intrinsic fluorescence, which could be occluded due to ligand
binding. Therefore, we only compared the EMSA and MST results for this mutant.
The interaction of the mutant protein with the wild-type consensus DNA substrate is
similar to the wild-type protein in the MST experiment (Kq ratio 1.1). In the EMSA
experiment, the values of the apparent Ky for the mutant and wild-type proteins
differ by 4.8 nM, which is larger than the standard deviations (2.7 nM). Therefore, it
is difficult to reliably conclude the actual preference of the Myc R20Q protein

towards the two substrates compared to the wild-type protein.

Myc R20Q protein interaction with the predicted non-consensus substrate is better
than that of the wild-type protein in EMSA but not in MST experiments. In EMSA,

the difference between apparent Ky of wild-type and mutant proteins with the

165



substrate is 0.3 nM and within the standard deviation (~2 nM). Similarly, there is a
large standard deviation of 6.8 uyM associated with the binding of Myc R20Q to the

predicted substrate.

The binding of random substrate to Myc R20Q mutant and wild-type proteins is
better than the cognate or predicted DNA. The random DNA sequence is
“GGTCCGAAGATTCTAGCATAAT” which could putatively contain another signature of
Myc binding regions apart from the E-box. Both the Myc R20Q mutant and Myc
wild-type proteins exhibit similar trends of binding. This implies that one mutations is

perhaps insufficient to change the specificity of a transcription factor such as Myc.
Myc QY double mutant protein

Myc QY double mutant protein interaction with different substrates showed the
same trend with EMSA and nanoDSF but not with MST. The wild-type and the Myc
QY double mutant proteins had a similar affinity towards the wild-type consensus
DNA substrate (difference 0.3 nM, standard deviation 0.8) in EMSA. However, the
wild-type protein exhibited ~10-fold better affinity towards the wild-type consensus
DNA substrate than Myc QY double-mutant protein in MST. In nanoDSF, the
difference between ATm of the wild-type and Myc QY double mutant protein with
the wild-type consensus DNA substrate is 0.2 °C (higher for Myc QY double
mutant). Therefore, both EMSA and nanoDSF showed that the Myc QY double
mutant protein was a better binder to the wild-type consensus DNA sequence, but
the difference in affinity is small. However, there was a 10-fold better binding by the
wild-type protein in the MST experiment, indicating that the wild-type protein was a

better binder to the wild-type consensus sequence than Myc QY double mutant.

The binding of Myc QY double mutant protein with the predicted non-consensus
double mutant DNA substrate was better than that of the wild-type proteins as
measured by EMSA and nanoDSF. MST showed that the wild-type protein bound to
this substrate at a five-fold better affinity. However, the affinity of the wild-type
protein was better than the Myc QY double mutant protein in all three substrates.

The ATm of the Myc QY double mutant protein with the non-consensus double
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mutant DNA substrate was six times that of the wild-type protein. Moreover, in
EMSA, the binding affinity for the interaction of Myc QY double mutant protein with
the non-consensus double mutant DNA substrate was twice that of the wild-type
protein. Thus, we can conclude that the binding of the Myc QY double mutant
protein is more favourable towards the predicted non-consensus double mutant

DNA substrate than the wild-type protein.

Myc QY double mutant showed similar binding towards the random DNA substrate
as the wild-type protein with EMSA and nanoDSF. The ATm of the Myc QY double
mutant and wild-type protein differed by 0.1 °C (higher for wild-type protein). Also,
the apparent Ky from EMSA differed by 0.7 nM (standard deviation 2.1 nM). Thus,
there was no difference in binding the random substrate when these two methods
were considered. However, MST showed wild-type protein binding to the random
substrate (1.8 yM) but not Myc QY double mutant. Therefore, since there was a
significant difference in the binding in MST while negligible in others, we would
consider the MST results. The wild-type protein has a better affinity for the random

sequence than Myc QY double mutant.
Ets1 Y395R mutant protein

The Ets1 wild-type protein had a better affinity toward the wild-type consensus
sequence than the Ets1 Y395R mutant in EMSA and MST experiments. In
nanoDSF, the Y395R mutant had a better ATm than the wild-type protein when
binding to the wild-type consensus DNA substrate (~3 fold). With EMSA, even
though the binding of the wild-type protein to the wild-type consensus was better
(with the difference of 1.3 nM), it was in the standard deviation range (1.9 nM).
Since nanoDSF is an indirect measure of assessing binding and MST is a more
sensitive instrument, we concluded that the wild-type protein had a better affinity

toward the wild-type consensus sequence.

With the non-consensus substrate, the wild-type Ets1 protein had a better affinity
compared to the Y395R mutant in both EMSA and MST experiments. However, in
nanoDSF, the ATm was higher for the Ets1 Y395R mutant binding the non-
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consensus DNA substrate (0.6 °C). In EMSA, the difference between the affinities of
Ets1 wild-type and Y395R mutant proteins towards the non-consensus DNA
substrate was within the standard deviation range. The MST experiment showed
three-fold better binding of wild-type protein with non-consensus DNA substrate
than Ets1 Y395R mutant. Since the difference in ATm was not very high, we
speculated that the binding of Ets1 wild-type protein to the non-consensus DNA
substrate was better than Ets1 Y395R.

There was no binding of Ets1 wild-type and Ets1 Y395R mutant to the random DNA
substrate in an MST experiment. However, in both nanoDSF and EMSA, the Ets1
Y395R mutant protein had a better ATm and apparent Kg, respectively, for binding
to the random substrate. Thus, the Ets1 Y395R mutant protein had a comparatively

higher propensity of binding a random DNA substrate.

So far, we have discussed the comparative analysis of the wild-type and mutant proteins
with different substrates. However, we also need to analyse the preferred substrate for
each protein in the different experiments. The Myc and Ets1 wild-type proteins preferred
binding their respective consensus sites in EMSA, not in MST. In nanoDSF, Myc wild-type
was stabilized the most by the wild-type consensus. However, Ets1 had a comparable

stabilization with the wild-type consensus and predicted non-consensus DNA substrates.

The Myc R20Q single mutant preferred binding to the predicted non-consensus single
mutant and the consensus substrate in both MST and EMSA. The Myc QY double mutant
preferred the predicted non-consensus double mutant DNA substrate in all three in-vitro
experiments. However, in the Ets1 Y395 mutant, results for EMSA and nanoDSF showed
that it bound preferably to the wild-type consensus sequence rather than the predicted

sequence.

Thus, if we only consider protein binding to the predicted substrate, we have been
successful in changing the specificity of one protein, In one case, the change was not
quantified as different due to high standard deviation of the experiment and potentially less

difference in binding specificity.

168



Table 4.25: Comparison of results from different in-vitro techniques.

The predicted substrate is the non-consensus single mutant DNA substrate and non-
consensus double mutant DNA substrate for Myc R20Q single and Myc QY double mutant
proteins, respectively. The values indicate the ratio of wild-type Ky or ATm to that of the
mutant protein. Pink cells indicate that the results from this method are not to be
considered (see text). ‘# indicates that there was no binding in the wild-type. ‘§’ indicates

no binding in the mutant. The bold values reflect better binding in mutant compared to the

wild-type protein.

Sr No. Protein Substrate EMSA MST NanoDSF
1 WT Consensus 0.28 11

2 Myc R20Q Predicted 1.05 0.7

3 Random 0.68 0.4

4 WT Consensus 1.19 0.06 0.94
5 Myc QY Predicted 2.25 0.05 0.17
6 Random 0.85 § 1.04
7 WT Consensus 0.74 0.3 0.37
8 Ets1 Y395R Predicted 0.61 0.5 0.7
9 Random 6.10 #§ 0.28

4.5 Discussions

This chapter has discussed the in-vitro experiments performed to validate the specificity
preferences described in Chapter 2. We selected two transcription factors- Ets1 and Myc
and a restriction enzyme -EcoRV for the validation. We changed the nucleotide sequence
of the preferred binding site of these proteins and used our algorithm to predict the amino

acids that must be mutated in the proteins to bind the new non-consensus DNA.

We tested these predictions using in-vitro DNA-binding assays. The in-vitro assays
required proteins to be purified. However, due to standardization problems, we could not
purify the EcoRV restriction enzyme. One of the strategies to employ in the future is to
have the methyltransferase on the same plasmid upstream of the restriction enzyme. This

strategy would ensure that the methyltransferase gets transcribed first and then the
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restriction enzyme, protecting the host bacterium from cleavage. We cloned and purified

the wild-type and mutant proteins for Ets1 and Myc.

The assays performed were EMSA, MST and nanoDSF. Overall, the EMSA
reactions do not show a significant difference in binding among the different substrates
and proteins. Considering the standard deviations, we can confidently conclude relative
binding affinity for five pairs of protein-DNA complexes. The Myc wild-type protein prefers
the wild-type consensus sequence over the predicted non-consensus single mutant DNA
substrate. The Myc wild-type protein also has a better binding to the wild-type consensus
protein than the Myc R20Q single mutant protein. The predicted non-consensus double
mutant DNA substrate has a better binding to the Myc QY double mutant protein as
compared to a random DNA. The binding affinity between the Myc QY double mutant and
the predicted non-consensus double mutant DNA substrate is better than that of the wild-
type protein for this substrate. The Ets1 Y395R also shows a higher non-specific binding
activity than the Ets1 wild-type protein. Out of 18 possible comparisons, only five are
significantly different. This shows that the technique is not very sensitive in detecting

differences in binding.

When we analysed the results from different experiments, MST results do not match
with EMSA in any of the cases where the mutant protein has a better binding (Table 4.25).
Another observation was that the wild-type protein bound to the predicted non-consensus
DNA substrate with a better affinity than the wild-type consensus sequence. This has not
been observed in EMSA. Therefore, if this is not an artefact of fluorescence labelling it
could be because both these proteins are transcription factors. Regulation of gene
expression necessitates specific binding and dissociation at the appropriate signals. A
strong association may hinder the recognition process, and therefore these proteins have

a comparatively lower binding affinity towards the wild-type consensus sequence.

NanoDSF relies on the redshift of aromatic residues upon unfolding to measure the
Tm. Myc lacks tryptophan residues and entirely relies on the tyrosine residues to provide
intrinsic fluorescence. We have observed that for the Myc R20Q mutant, upon addition of

the DNA substrate, there is a reduction of Tm. This reduced Tm could either arise because
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the protein is destabilized upon complexation with DNA or the occlusion of tyrosine
residues by the binding mode. We believe that it is more likely for the tyrosine residues to
be occluded. Thus, we did not consider the nanoDSF results for Myc R20Q protein. Apart
from Myc QY double mutant interaction with the random DNA substrate, all other
substrates show an increase in ATm values with the mutant proteins compared to the wild-
type proteins. It could be interpreted as the mutants having a better affinity than the wild-

type protein towards these substrates.

We had predicted that mutation from arginine to glutamine at residue number 20
would make the protein recognize the CATATG site. However, in both EMSA and MST, the
binding of the mutant and wild-type proteins to the consensus and non-consensus DNA is
within standard deviation. This is in line with our method since we have a probabilistic
scoring scheme. We have a list of favourable interactions and all of them are preferred to a
degree. We believe that due to the broad specificity of Myc, one mutation was not
sufficient to change the specificity of the enzyme. The result of Myc double mutant
showing the expected change lends some credence to this hypothesis. It has lower
binding affinities than the wild-type protein. However, we have not attempted to quantify
the difference in the binding affinities when a nucleotide-amino acid pair is replaced by
another. Therefore, comparing the wild-type protein affinities with the mutant protein
affinities would not validate our method. Instead, a more appropriate validation would be
whether the predicted sequence is a better binder than other sequences. We have
achieved this validation for Myc QY double mutant protein. Thus, we could validate one of
the three predictions using in-vitro binding assays with confidence and cannot comment

upon the second one since the difference may be too small to be quantified.
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4.7 Chapter summary

We discussed the in-vitro validation of the prediction of the amino acid specific for a DNA
sequence in this chapter. We predicted the amino acid/(s) that should be mutated to
recognize a DNA sequence of interest. We cloned and purified the predicted and wild-type
proteins for Ets1 and Myc. Using these purified proteins, we performed three binding
assays, EMSA, MST and nanoDSF. Some of the results were not consistent across
experiments. Also the mutants had a reduced binding affinity compared to the wild-type
counterparts. Thus, we only compared the affinity of the mutant protein with the predicted
and wild-type substrates. We observed that the Myc double mutant showed better binding
toward the predicted non-consensus DNA than the original consensus in multiple in-vitro
assays. Myc single mutant and the wild-type protein showed similar binding to both
substrates. Hence, we were successful in validating one out of three predictions

experimentally.
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So far in the thesis we have described the prediction of specific amino acids that
would bind to a given DNA sequence. Since, our goal was to infer specific association
preferences between DNA and proteins, we also attempted to solve the analogous
problem of the prediction DNA sequence specific for a given protein, discussed in this

chapter.

The prediction of the DNA-protein interface for a given protein structure is generally
treated as two sub-problems- predicting the DNA-binding residues on the protein and the
prediction of nucleotides specifically binding to that interface. In this present study we have
integrated both these problems and proposed a novel predictor that can predict the DNA-
binding residues and the DNA sequence they would bind. We have not attempted to
classify proteins as DNA-binders as there are many methods that are available for this that
have achieved a good accuracy. Among the best methods is StackDPPred [261], which
has an accuracy of 90% and MCC of 0.8.

5.1 Introduction to the problem

Many crucial cellular processes depend on the interaction of protein and DNA
[2,262-274]. The three-dimensional (3D) structures of the protein-DNA complexes resulting
from these interactions provide mechanistic details of their function [50,275-279]. These
structural data can provide information at the level of individual residues. This information
from structures could help identify/rationalize the residues at the DNA-protein interface

whose disruption could lead to diseased conditions [280-282].

The experimental determination of DNA-protein structures is time-consuming, and
the structures of all protein families are not represented. Even among the protein families
with DNA-protein complex data, the sampling of the constituent members is not uniform in
the Protein Data Bank (PDB) [283]. There are also experimental methods that provide
indirect information about the DNA-protein binding interface [3,250,284-293]. However, the
slow progress by experimental methods in generating DNA-protein interface data initiated
the development of a plethora of computational methods. These methods can provide high

throughput results in a relatively short time.
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The prediction of the DNA-protein interface has been treated as two separate problems.
One set of methods solely predicts the DNA-binding residues, while a second set looks at

predicting the DNA sequence recognized by a protein.

Among the methods that predict DNA-binding residues, there are three classes
based on the features they use to make the prediction- sequence-based, structure-based

and a combination of sequence and structural features.

5.1.1 Sequence-based DNA-binding residue prediction

Sequence-based methods rely only on the protein sequence to predict the binding
residues. The sequence-based algorithms employ various methods for predicting DNA-
binding residues such as Support Vector Machines (SVMs) [294-301]. neural networks
[118,302-306], random forest classification[307,308], ensemble learning [309], deep
learning [310] and other combinations of machine learning techniques [311-319]. Since
the binding of DNA to their protein counterparts is a three dimensional event, the accuracy
of the sequence-based methods is lower compared to when structural data is incorporated

in the predictions.

5.1.2 Structure-based DNA-binding residue prediction

Structure-based methods exclusively employ features from structural data to predict
DNA-binding residues such as electrostatics, geometry and surface curvature [320-324].
While they perform better than methods using sequence alone, they are still not the best at

predicting DNA-binding residues.

5.1.3 Sequence and Structure-based DNA-binding residue prediction

The final class of methods uses sequence and structural information for DNA-
binding residue prediction. Since they incorporate all available data for a given protein,
they are relatively more accurate than sequence or structure-based methods. The
methods that use both sequential and structural features are more diverse in the

techniques that they use for predicting DNA-binding residues. The techniques include
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SVM [300,325-327], ensemble learning [328], neural networks [329-331] docking [332],
clustering [333—-335], light gradient boosting [336], and a combination of machine learning
and template-based techniques [337]. This class incorporates the most useful data from
sequences as well as structures and therefore GraphBind is currently the best method for

the prediction of DNA-binding residues.

The above-mentioned methods have successfully predicted the DNA-binding
residues to various degrees. However, predicting DNA-protein interface not only involves
predicting amino acid interacting partners, but also necessitates predicting the DNA
sequence for a protein. Most of the computational methods for the prediction of DNA
sequence deal with transcription factor binding sites [338,339,348,340-347]. These
methods require a DNA sequence as an input and search for the transcription factor
binding sites within this region. However, there are also methods that predict the DNA
sequence for all DNA-binding proteins with DNA sequence alone or DNA and protein
sequences as input [349]. Some prediction tools also use structural data as input [350—

353]. However, no single method identifies both DNA and protein binding regions.

Our proposed method does not treat the identification of DNA-protein interface
identification as separate problems and predicts the binding residues on protein as well as
DNA. The method employs topology independent structural superimpositions to derive the

DNA-binding interface as described in the following sections.

5.2 Methodology

In this study, we developed a method to predict the DNA-binding residues along
with the DNA-binding pose from a given protein structure. We hypothesized that the
arrangement of hydrogen bond donor and acceptor atoms is key to binding between DNA
and protein molecules. Thus, we used a topology independent structural alignment
software, CLICK [40] to align the donor and acceptors in a query protein against a

database of X-ray structures of DNA-protein complexes.
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5.2.1 Compiling datasets used in this study

The datasets for the prediction of the DNA-binding interface (algorithm in section 5.2.2)-

5.2.1.1 Query Dataset

The query dataset consists of the proteins from 285 DNA-protein complexes defined in
chapter 2 (PDNA-285).

5.2.1.2 Template Dataset

The template database consisted of only X-ray crystal structures having a resolution better
than 3 A and composed only of DNA and protein chains that resulted in 3909 structures
(May 2020). Wherever rotational data was present, we performed symmetry operations
and used the biological unit of these structures. We obtained a 40% NR template database
with 700 sequences using these 3909 PDBs as input to h-CD-HIT to assess the

performance of our method in the absence of close homologs in the template dataset.

5.2.1.3 Benchmark Datasets

We validated the prediction of amino acids binding DNA using datasets from previous
studies- PDNA-62 [118], P224 [327], PDNA-129 [330], HOLO-APO 82 [334], where the
numbers in the dataset name indicate their size.

For the validation of DNA-sequence prediction, apart from the PDNA-285 dataset, we have
used three datasets-

1. A set of 7 proteins used by DBD2BS in their study [354].

2. Position Weight Matrices (PWMs) generated by ChlP-seq data from JASPAR for
comparison with the predicted DNA sequence [355]. JASPAR had 331 entries for PWMs,
of which 72 had a three-dimensional (3-D) protein structure. These proteins did not
possess a 3-D structure in complex with the DNA and formed the validation set for DNA
sequence prediction.

3. 27 Transcription factor chains from Farrel and Guo study [352]: Their dataset had 27

protein chains, which bound as monomers to their binding site. We obtained the PWMs for
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each of these proteins from JASPAR. We selected the nucleotide with highest frequency at
each position to generate reference DNA sequences against which we evaluated our

method.

5.2.1.4 Validation using models

All previously described validations used crystal structures extracted from the PDB. We
wanted to evaluate the efficacy of our prediction method when using models of of proteins
instead of their experimentally determined structures. To this end, we constructed models
of the proteins in the PDNA-129 dataset separately using MODELLER [356] and
AlphaFold2 [172].

For generating models with MODELLER, we used the protein with the best identity with
the query excluding the crystal structure as the template for modelling. We obtained 122
models as seven sequences did not find alternate templates. We analysed the TM-score of
these 122 models using TM-align to ascertain their similarity to the experimental structures
[133]. 97 of the 122 models had a TM-score >0.5, where a higher TM-score indicates
greater structural similarity.

We also modelled the sequences from PDNA-129 using AlphaFold2 (using either the
AlphaFold2 database or modelling with the google colab notebook). 127 of these 129

sequences have a TM-score >0.5.

5.2.2 Prediction Algorithm

The prediction algorithm relies on the similarity of the hydrogen bond pattern
at the interface of DNA-protein interactions. We used hydrogen bond donor and acceptor
atoms in protein residues to guide structural alignments using CLICK [40,41]. The hydroxyl
group in serine, threonine and tyrosine can act as both donor and acceptor. As a practical
consideration, we treated this group as a donor in this study, since it acts as a donor in
70% of cases in the PDNA-285 dataset. We used default CLICK settings to align the query
structure with all structures in the template database (except for the same PDB structure).
The default settings use solvent accessibility and secondary structure parameters for

alignment.
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The DNA coordinates of the template were transferred to the superimposed query to
build a model. To remove unsatisfactory models, we used the criteria of clashes and
contacts. A clash was defined as a distance less than 1.5 A between the C, C* atom of
protein, and the DNA atoms. We discarded all models with more than one clash.

The O and N atoms of the main chain are not explicitly considered in the checking
of clashes as these atoms are hydrogen bond acceptors and donors, respectively. Our
method involves the superimposition of the query with a template and the subsequent
transfer of coordinates of the DNA to form the DNA-protein complex. This complex is not
energy minimized or processed in any other way after superimposition. The clash criteria
is the only means of eliminating possible bad models. This is also why the clash criteria is
somewhat permissive (1.5 A threshold, instead of a larger value). In addition, we have also
made the hydrogen bond criteria permissive as we are allowing all donor-acceptor
distances below 4 A. Potentially these could include clashes (below 1.5 A) - but we
observed that this occurs in ~1% of the N and O atoms in the data (Appendix 19). With
these permissive hydrogen bond and clash criteria, we believe we can identify all plausible
hydrogen-bonded pairs.

A contact between DNA and the protein consisted of a distance less than 3.5 A
between the hydrogen bond donor/acceptor atoms of protein and DNA. We removed the
models with less than three contacts between DNA and protein.

To select the best model, we define a term called the query overlap (%) -
Query Overlap (%)=100% (%) Eq.1

where n is the number of donors and acceptors in the query protein superimposed
with the template and t is the total number of donors and acceptors in the query protein.
We predicted the model with the highest query overlap as the putative binding pose. The
DNA-binding residues were the amino acid residues with any atoms within a distance of 4
A from any DNA atom. We predicted the DNA sequence of the template as the putative
nucleotide sequence that the protein would bind. We labelled this protocol of predicting the
DNA-binding interface as Juxtaposition Enabled DNA-binding Interface Identifier (JEDII)
(Figure 5.1). We demonstrated the efficacy of JEDII using PDNA-285 dataset and

validated it using the different benchmark datasets.
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Figure 5.1: Flowchart of the steps in the JEDII protocol
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5.2.3 Comparison of JEDII with GraphBind and HDock on PDNA-285

dataset

We compared the performance of JEDII with GraphBind [330] and HDock [357,358] on the
PDNA-285 dataset. We used the GraphBind standalone version to make predictions on
proteins from the PDNA-285 dataset. Out of 285 PDBs in our dataset, 107 are a part of the
GraphBind training set. Therefore, we predicted the DNA-binding residues for the
remaining 178 proteins. We parallelized GraphBind jobs using GNU Parallel [359]. For
predictions using HDock, we docked the DNA structure from PDB 6EL8 on each of the
proteins in the dataset and predicted the residues within 4 A of the DNA in the top model
as the DNA-binding residues.

5.2.4 Evaluation Metrics

The number of DNA-binding residues is lower than the non-DNA-binding residues.
Moreover, the structural data that can be used to derive the properties of DNA-binding
residues is limited. Therefore, this limits the methods to make correct predictions only in
the cases where the input protein resembles the binding modes that the method has been
trained for. One of the ways of reducing the over-fitting is by using a balanced measure for
training the method. Since the number of non-DNA binding residues is larger, the true
positives will be greater and hence the accuracy will in turn have a higher value. An
extreme case is that even when all the residues are predicted as non-DNA-binding, the
accuracy will still have a high value. Thus, using a balanced measure such as MCC [228]
(defined in chapter 3), F1 or balanced accuracy can help in better evaluation of the

method.

Thus the predicted results were evaluated using MCC, Accuracy (Acc), Specificity (SP),
Sensitivity (SN), Balanced Accuracy (Bal. Acc), Precision (P) and F-measure (F1), which

are defined below-

MCC = TP+xTN — FP*xFN Eq. 2

V(TP+FP)%(TN +FP)*(TP+EN )%(TN +FN)
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Where,

TP = true positive (predicted binding residue correctly),

TN= true negative (predicted non-binding residue correctly),

FP= false positive (predicted a non-binding residue as a binding residue),

FN= false negative (predicted a binding residue as non-binding).

Acc= TP+1:"FZI\;:£]1\3]+FN Eq.3
SN= TP::-PFN =q. 4
SP= TNTiV FP £a.5
Bal.AcczSP+SN Eqg. 6
b= TPI-;-PFP Eq. 7
F1:2*(£j_‘§];\§) Eq. 8

While MCC ranges from -1 to +1, all other measures range between 0 and 1. However, we
have reported the values in % for SP, SN, P, Acc and Bal. Acc.

In the JEDII protocol, we selected the template DNA sequence as the sequence of the
DNA likely to bind the input protein. To evaluate the prediction, we aligned the predicted
sequence and the actual sequence using the malign module of MODELLER. We then

calculated the similarity score as -

m

aln Eq 9

L DNA

where m.n,is the number of matched nucleotides and Lpna is the length of the actual DNA

sequence.
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5.3 Assessment of the robustness of JEDII in predicting DNA-

protein interface

5.3.1 Assessment of the performance of JEDII on PDNA-285

We predicted the DNA-binding interface for the proteins in the PDNA-285 dataset.
We have segregated the prediction of the DNA-protein interface into the predictions of
amino acid residues binding DNA and the prediction of DNA sequence that would bind the
protein. In each section, we have described the results for predicting amino acid residues

binding DNA, followed by the DNA sequence prediction.

From the predicted DNA-protein model for each query protein, we annotated all the
amino acid residues within 4 A of the DNA as the DNA-binding residues. Using this
criterion, JEDII achieved an overall accuracy of 94% and an MCC of 0.70 on this dataset
(Table 5.1). The MCC for the dataset shows a bimodal distribution with one maxima at 0
and another at 0.9 (Figure 5.2 (a)).

We evaluated two factors contributing to the performance of the method- query
overlap and sequence identity between the template and the query. We plotted these
parameters in the PDNA-285 dataset against the MCC (Figure 5.2 (b) and 5.2 (c)). The
average query overlap was 49.1t+ 32.5%, while the average sequence identity between
template-query was 59.1 £+ 34.6 %. The query overlap exhibits a stronger positive
correlation with the MCC (Spearman’s correlation coefficient= 0.84) than the sequence

identity between the template and the query (Spearman’s correlation coefficient=0.60).

Table 5.1: Performance of JEDII on PDNA-285 dataset with redundant and 40% non-
redundant template database.
The terms Acc, Bal. Acc, MCC, SN, P and F1 stand for Accuracy, Balanced Accuracy,

Matthew’s Correlation coefficient, Sensitivity, Precision and F1 score, respectively.

Method Dataset |Acc (%)| Bal. Acc (%) [ MCC | SN (%) |SP (%)| P (%) | F1

JEDII Redundant 94 81 0.70 65 98 84 |0.73

JEDII NR-40 90 62 0.45 38 97 66 | 0.48

183



—~
=Y
'
(=]
o
5
-
8

70 N | l
80 ] ’
- o I
k: 70 —r
g 50 o 60 S
c H 3
G 40 o 50 . o
3 > . 5 H
g 3 : - i
“ 20 o et I R N I
I I I il izo: T B S
10 I i D T
. . . ¢ H *
- Inns ot I -
02 01 0 01 02 03 04 05 06 07 08 09 1 05 0 05 1
MCC
© . e @,
8 e ' 70
é & 60
‘é 70 .
he) 60 1 3 ©
2 50 — . T S T | &
(] . * . . : . 3
3 =% s . g =
2 T T i e
g ‘el - ' . . b ¢ t 3
g Bge! * & s« 7 ]} s+ 1 14 o . I
(]
- 0 0
0.4 0.2 0.0 0.2 0.4 0.6 0.8 1.0 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 : |
MCC Motif Similarity Score

Figure 5.2: Performance of JEDII on the PDNA-285 dataset.

Subplots (a), (b) and (c) show MCC distribution, variation in MCC with query overlap (%)
and average sequence identity between template-query (%), respectively for the prediction
of DNA-binding residues. (d) is the distribution of similarity score for the DNA-sequence

prediction.

87.5% of the perfectly-identified binding sites (49 out of 56) have a template identity
>90%. Among the remaining seven proteins with a DNA-binding residue prediction of 1,
the lowest sequence identity between the template and query was 25.6% (PDB ID: 1R8D).
Moreover, in 14 PDBs with MCC = 0.4, the template selected had a different CATH
[137,138] fold from the query.

JEDII had an average similarity score of 0.62 for predicting the DNA sequence on
the PDNA-285 dataset (Figure 5.2 (d)). For 62 out of 289 unique proteins, we could

identify the DNA sequence with a similarity score of 1.
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We then assessed the robustness of our method when the query protein has
<=40% identity with the template, when unbound protein conformation is given as an input

and when models are given as inputs.

5.3.2 Accuracy in the presence of close sequence homologs

We have established in section 5.3.1 that the accuracy of predictions is correlated with the
query overlap (0.84) and the sequence identity (0.60) between template-query. However,
sequential similarity also implies structural similarity, resulting in a better overlap of the
query protein. Therefore, we wanted to assess the method’s robustness in the absence of

close sequential homologs.

We used 700 protein-DNA complexes from the NR-40 database as templates to
make predictions for proteins in the PDNA-285 dataset. The accuracy of the method for
DNA-binding residue prediction reduces to 90.0%, with an MCC of 0.45 (Table 5.1). We
can still identify DNA-binding residues of 4 query proteins with an MCC of 1. The
correlation between the MCC and the template-query sequence identity is -0.05, while that
between MCC and % query overlap is 0.67. Therefore, in the absence of close homologs,
the identification of DNA-binding residues relies on the structural similarity of the DNA-

binding interface.

Without close sequential homologs in the template dataset, the prediction of the
DNA sequence has an average similarity score of 0.40. Though there has been a
reduction in the accuracy, JEDII could identify the DNA sequence for one of the query
proteins (PDB ID: 5GZB) with a similarity score of 1.

5.3.3 Accuracy using the unbound protein conformation

We employed the HOLO-APO 82 dataset to estimate the efficiency of our method
when provided with the unbound conformation of DNA. this dataset consists of 82 pairs of
proteins in both apo (DNA-unbound) and holo (DNA-bound) conformation. The accuracy of

the method for DNA-binding residue prediction is 95% and 93% for holo and apo
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conformation, respectively. The MCC of JEDII on the holo conformation is 0.67, while for
the apo conformation, it is 0.55 (Table 5.5). In only 17 out of 82 cases, JEDII identified the
corresponding holo-structure as the template. The average RMSD between apo and holo-
structures was 1.2 A irrespective of whether JEDII identified the holo-structure as a

template or not.

We studied the effect of the degree of conformational change on the efficacy of the
method using correlations. We correlated the RMSD between the apo and holo-structures
with the MCC of amino acid residues binding DNA. The Pearson’s correlation coefficient
for these two parameters was -0.08, indicating that the MCC is independent of the degree
of conformational change. The better MCC for holo-structures could be due to their

similarity with the structures of DNA-protein complexes in the template database.

JEDII had an average similarity score of 0.66 for predicting the DNA sequence on both the
apo and holo datasets. Out of 82 sequences, the crystal structure DNA sequence was
precisely identified (similarity score = 1) in 23 and 30 cases in holo and apo datasets,

respectively.

5.3.4 Accuracy using protein models as inputs

We assessed the ability of our method to identify DNA-binding interface using models
generated by MODELLER and AlphaFold2 from the protein sequences in the PDNA-129
dataset. The MCC values for the prediction of amino acids binding DNA on models built by
MODELLER are better than that for AlphaFold2 with 0.32 and 0.25, respectively.

To rationalize this result, we used TM-align to superimpose the models with the respective
experimental structures in the PDNA-129-dataset. The average TM-score for AlphaFold2
models is higher (0.88) than that of MODELLER (0.74). 97 models built by MODELLER
and 127 models from AlphaFold2 have TM-scores >0.5. Both these factors indicate that
the models from AlphaFold2 are better. However, on these models with TM-scores >0.5,
JEDII has MCCs of 0.37 and 0.25 for models built by MODELLER and AlphaFold2,

respectively which contradicts the model quality assessment.
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Therefore, we checked the DNA-protein interface regions. After superimposition,
both AlphaFold2 and MODELLER have 63 models where the DNA-protein interface shows
>5A distance between the residues. Neglecting these 63 models, the average RMSD of
hydrogen bond donor and acceptor atoms is 3.1A for MODELLER, and 2.6 A for
AlphaFold2 built models. Among the 63 models, 34 have unaligned interface regions when
either MODELLER or AlphaFold are used to generate models. When we superimposed the
models generated by MODELLER and AlphaFold2 with each other, from the 122 models,
22 have a TM-score<0.5. If we only consider the 97 MODELLER models with TM-
score>0.5 with respect to the experimental structure, there is no MODELLER model with

TM-score <0.5 with respect to AlphaFold2 models.

We realized that we had 70 AlphaFold structures from the AlphaFold2 database.
Many of these structures were entire proteins and not just the DNA-binding domains
(which we had modelled with MODELLER). Therefore, we removed the extra regions from
these models and computed the new MCC of JEDII, which was 0.33. Therefore, if only
DNA-binding domains are given as inputs, JEDII has an equivalent performance on both
MODELLER and AlphFold2 models (with AlphaFold2 having a marginally better

performance).

In the case of DNA sequence prediction with models as inputs, JEDIlI has a
similarity score of 0.41 on MODELLER models and 0.40 on AlphaFold2 models. Perfectly
identified DNA sequences (similarity score =1) are 6 and 7 for MODELLER and
AlphaFold2 models, respectively.
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5.4 Comparison of JEDII with other methods

We wanted to assess the accuracy of our method in comparison to other existing
algorithms. However, no software performs both functions of predicting amino acids
binding DNA and DNA-sequence prediction. Therefore we compared JEDII with the
different classes of methods separately.

5.4.1 Predicting amino acid residues binding DNA

5.4.1.1 Comparison with other methods on benchmark datasets

We employed PDNA-62, P224 and PDNA-129 datasets that have been used in previous
studies to analyse the performance of JEDII on DNA-binding residue prediction. We also
compared the accuracy of JEDII with other methods on the APO-HOLO82 dataset and on

models built from sequences derived from PDNA-129 dataset.

We have compared JEDII to sequence-based methods (ADASYN, BindN, BindN-
RF, BindN+, CNNsite, DBS-Pred, DBS-PSSM, DNAPred, DRNAPred, EL_PSSM-RT,
SVMnuc, TargetDNA, TargetS), structure-based methods (COACH-D) and methods that
use a combination of both sequence and structural features (DNABind, DP-Bind,
GraphBind, NucBind, PDNAsite, PDRLGB, PreDNA, RBSCORE). We obtained the values
for all evaluation metrics from the respective papers for all methods except GraphBInd. In
the case of GraphBind, the program was run on models from PDNA-129 and on the 178
proteins from PDNA-285 dataset.

On both the PDNA-62 and P224, we perform better than all other methods in every
assessment measure except sensitivity (Table 5.2 and Table 5.3). On the PDNA-129
dataset, we perform better than or at par with most methods, except GraphBind.
GraphBind performs better than JEDII in all measures except precision (Table 5.4). The
PDNA-129 dataset contains 27 entries that have been solved using electron microscopy.
Since our template database only has DNA-protein complexes with resolution <4 A, we

have a worse performance on this dataset compared to GraphBind.

188



JEDII performs better on the HOLO-APO 82 dataset as compared to other methods.
(Table 5.5). While on the holo dataset, JEDII outperforms other methods in all evaluation

parameters, in the apo dataset, it has lower F1 and sensitivity compared to JET2DNA.

We compared the prediction of DNA-binding residues from protein models with
GraphBind. We used the models built by MODELLER and AlphaFold2 for evaluation. On
both, the models built by MODELLER and AlphaFold2, JEDII has a better accuracy,
specificity and precision but GraphBind has better MCC and F1 values (Table 5.6). This

trend holds even when we only consider the models that have TM-score >0.5.

Table 5.2: Comparison of JEDII with existing algorithms on PDNA-62 dataset.

The terms Acc, MCC, SN and SP stand for Accuracy, Matthew’s Correlation coefficient,
Sensitivity and Specificity, respectively.

Values for BindN [294], BindN-RF [307], BindN+ [295], DBS-Pred [118], DBS-PSSM [302],
EL _PSSM-RT [309], DNABInd [337], DP-Bind [312], PDNAsite [328], PDRLGB [336] and

PreDNA [327] were taken from their respective papers.

Methods | Acc (%) | MCC | SN (%) | SP (%)
Sequence-based
BindN 70 - 69 70
BindN-RF 78 - 78 78
BindN+ 79 0.44 77 79
DBS-Pred 79 - 40 82
DBS-PSSM 66 - 68 66
EL_PSSM-RT 81 0.51 85 80
Sequence+ Structure-based
DNABind - 0.57 82 -
DP-Bind 78 0.49 79 77
PDNAsite 85 0.58 86 85
PDRLGB 81 0.52 86 81
PreDNA 83 0.50 80 84
Structure-based
JEDII 91 0.64 72 94
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Table 5.3: Comparison of JEDII with existing algorithms on P224 dataset.

The terms Acc, MCC, SN, P and F1 stand for Accuracy, Matthew’s Correlation coefficient,
Sensitivity and Specificity, respectively. The values for ADASYN [305], CNNsite [306],
EL _PSSM-RT [309], PDNAsite [328], PDRLGB [336], PreDNA [327] and RBSCORE [335]

were obtained from their respective papers.

Method Acc (%) MCC SN (%) SP (%)
Sequence-based
ADASYN 83 0.48 77 84
CNNssite 84 0.40 77 84
EL_PSSM-RT 78 0.34 80 78
Sequence + Structure-based
PDNAsite 82 0.40 83 82
PDRLGB 80 0.38 83 80
PreDNA 82 0.35 76 82
RBSCORE 85 0.40 63 88
Structure-based
JEDII 94 0.66 68 97

Table 5.4: Comparison of JEDII with existing algorithms on PDNA-129 dataset.
The terms MCC, SN, P and F1 stand for Matthew’s Correlation coefficient, Sensitivity,

Precision and F1 score, respectively.
Values for DNAPred [296], SVMnuc [300], TargetDNA [301], TargetS [319], DNABind
[337], GraphBind [330], NucBind [300] and COACH-D [320] were taken from their

respective papers.

Method | MCC | SN (%) | P (%) F1
Sequence-based
DNAPred 0.33 40 35 0.37
SVMnuc 0.30 - 37 0.34
TargetDNA 0.29 42 28 0.34
TargetS 0.26 24 37 0.29
Sequence+ Structure-based
DNABind 0.41 60 35 0.44
GraphBind 0.50 68 42 0.52
NucBind 0.31 - 37 0.35
Structure-based
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COACH-D

0.30

36

0.34

JEDII

0.41

42

47

0.45

Table 5.5: Comparison of performance of JEDII on HOLO-APO 82 dataset with other

methods.

The terms Acc, MCC, SN, SP, P and F1 stand for Accuracy, Matthew’s Correlation
coefficient, Sensitivity, Specificity, Precision and F1 score, respectively. *IJET2 has divided
the holo set to two parts (74 and 8 proteins) based on the stoichiometry. For comparison
we have used the average value of the evaluation metrics. We have considered the values
of their predictions that were obtained from a consensus of 8 runs out of 10. Values for
IJET2 [334], DRNAPred [314], DISPLAR [329] and MultiVORFFIP [332] were taken from

their respective papers.

Method Dataset Acc (%) MCC | SN (%) SP (%) |P (%) F1
Sequence + Structure-based
iJET2 * 84 0.50 60 91 61 0.59
Holo Structure-based
JEDII 95 0.67 67 98 74 0.70
Sequence-based
DRNApred 85 0.21 23 95 40 0.24
Sequence + Structure-based
DISPLAR 87 0.39 41 94 54 0.43
IJET2 * Apo 88 0.52 63 92 58 | 0.59
MultiVORFFIP 87 0.45 44 95 64 0.5
Structure-based
JEDII 93 0.54 51 97 65 0.57
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Table 5.6: Comparison of the accuracy of JEDII on models built by MODELLER and
AlphaFold2.

The terms Acc, MCC, SN, P, SP and F1 stand for Accuracy, Matthew’s Correlation
coefficient, Sensitivity, Precision, Specificity and F1 score, respectively.

#

indicates models with TM-scores >0.5. The values for GraphBind were obtained by

running the standalone version [330].

Modellin
Method Dataset Softwareg Acc (%) | MCC | SN (%) | P (%) | SP (%) | F1
GraphBind 89 0.39 58 34 92 0.43
PDNA-122
JEDII 92 0.32 31 40 96 0.36
- MODELLER
GraphBind 90 0.46 64 40 93 0.49
PDNA-97*
JEDII 92 0.37 38 44 96 0.41
GraphBind 91 0.26 42 22 93 0.29
PDNA-129
JEDII AlphaFold2 94 0.25 26 30 97 0.28
GraphBind PDNA-127# 91 0.27 43 23 93 0.30
JEDII 94 0.25 27 30 97 0.28

5.4.1.2 Comparison with other methods on PDNA-285 dataset

For comparison of our accuracy, with other methods on the PDNA-285 dataset, we used
GraphBind and HDock. JEDII performs better than GraphBind and HDock on the PDNA-
285 dataset in all measures except sensitivity, where GraphBind is better (Table 5.7).
Overall, except for PDNA-129, JEDII has a better performance than other sequence-
based, structure-based and methods using both sequence and structure data. We
consistently have a better specificity than other methods, however sensitivity of the

method is one of the limitations of the method.
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Table 5.7: Comparison of JEDII with GraphBind and HDock on PDNA-285 dataset.

* As mentioned in the methods, predictions were made for 190 proteins not in the
GraphBind training set. The terms Acc, MCC, SN, SP, P and F1 stand for Accuracy,
Matthew’s Correlation coefficient, Sensitivity, Specificity, Precision and F1 score,

respectively.
Method Dataset Acc (%) MCC SN (%) | SP (%) | P (%) F1
GraphBind PDNA-285* 92 0.69 86 93 63 0.73
HDock PDNA-285 91 0.55 49 97 72 0.58
JEDII PDNA-285 94 0.70 65 98 84 0.73

5.4.2 Validation of DNA sequence prediction

5.4.2.1 Validation using ChiP-seq data

ChIP-seq experiments generate DNA-binding sequence data for proteins, that is
generally stored as PWMs in databases such as JASPAR. We took 72 proteins from
JASPAR that did not a structure in complex with DNA, but had a structure of the protein to
assess the accuracy of JEDII in DNA sequence prediction. To derive the DNA-binding site,
we expanded the PWMs to individual sequences that satisfy the PWM criteria. When we
compared the DNA sequence predicted by JEDII with the sequences from PWM, we

obtained an average similarity score was 0.81 (Figure 5.3).

This is the highest similarity score that we have obtained for JEDII among all inputs.
One of the reasons for this could be that the ChlP-seq data is not very high resolution.
This means that the number of positions where all four nucleotides have been shown to
interact with the protein is high. Since we look for all variants of the PWM and verify the

prediction, this could be artificially boosting the accuracy.
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Figure 5.3: Distribution of motif similarity score in ChlIP-seq dataset

5.4.2.2 Comparison with DBD2BS

For comparison of DNA-sequence prediction we used DBD2BS, which generates a PWM
for a given protein structure based on knowledge-based potentials [353]. The 7 proteins
that they have used are in their unbound conformation with an average RMSD of 1.1 A,
We have an average similarity score of 0.51 on these dataset. Since JEDII outputs a
single DNA sequence and DBD2BS outputs a PWM, we could not compare the two
methods directly. Therefore, we used their definition and compared the number of times
the highest occurring nucleotide in the PWM is correctly predicted (Table 5.8). JEDII has a
better performance than DBD2BS in 4 cases. In 1 case the number of correctly matched
positions is the same for both methods, while in 2 of the 7 cases, DBD2BS performs better
than JEDII.
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Table 5.8: Comparison of JEDII with DBD2BS.
The values are the number of nucleotide positions where the predicted nucleotide also had

the highest frequency of occurrence in JEDII and DBD2BS.

Sr. No PDB ID JEDII DBD2BS
1 INFI 5/10 5/10
2 1MI7 9/19 5/19
3 2A63 13/17 717
4 1M6U 3/12 6/12
5 1GV2 4/11 5/11
6 1MH3 7/18 6/18
7 2GzZwW 9/10 5/10

5.4.2.3 Comparison with study by Farrel and Guo

Though DBD2BS is the only algorithm that predicts the binding site for a given
protein, there are other algorithms, which are specific for transcription factors. One such
algorithm was developed by Farrel and Guo [352]. They also predict PWMs from a protein
structure, however instead of a template-based algorithm, they use a fragment-based
method to generate a complex of a transcription factor with DNA. The sequence of DNA is
then generated using permutations and combinations and evaluating each sequence with
an energy function to output a PWM. In their study, they have evaluated the number of
positions in the PWM that their method has correctly predicted. We used this measure to
compare the method with JEDII on the 27 protein chains they have used in their study.
JEDII achieved an average similarity score of 0.62, while the Farrel and Guo method had a
similarity score of 0.53. We performed better than Farrel and Guo in 18 out of 27 cases. In
two cases, both methods had the same similarity score and in 7 cases Farrel and Guo’s

study had a better similarity score than JEDII (Figure 5.4).
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respectively.

5.5 Case Study of Cro Repressor

We predicted the DNA-binding pose and the DNA sequence for cro repressor of
bacteriophage lambda (PDB ID: 6CRO). The template selected by JEDII was cl protein of
bacteriophage lambda (PDB ID: 1RIO), which had a sequence identity of 31% with the cro
repressor. The two proteins have different CATH IDs [137,138]. The cro repressor has
3.30.240.10 while the cl protein has 1.10.260.40 and 1.10.10.10. The superimposition also
occurs between atoms in an a helix (cl) and those in a 3 sheet (cro repressor) (Figure 5.5).
The predicted and the actual binding pose are very similar with the angle between the
helical axis as 18.22° and the RMSD as 0.78A. The MCC for the DNA-binding residue
prediction is 0.9 and when compared with the PWM, the predicted DNA site has 14/16
sites matched (87.5% similarity).
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The query and template proteins are in salmon and blue colour, respectively. The query
and template DNA are depicted in green and grey, respectively. The panels show the
Structure of the query protein (a), template DNA-protein complex (b), predicted query
protein-DNA model (c), superimposition of query DNA from crystal structure and predicted
DNA (d) superimposition of query and template proteins and superimposition of the donor

and acceptor atoms along with the DNA sequence of the superimposed region (f).



5.6 Discussions

This study proposes an algorithm to predict the DNA sequence that would
specifically bind a given protein structure. The method involves the superimposition of
hydrogen bond donors and acceptors in the query protein against a dataset of known
DNA-protein complexes. Hydrogen bonds are the most significant contributors to DNA-
protein specificity [15,30,31]. Therefore, we hypothesized the conservation of the
orientation of hydrogen bond donors and acceptors in different DNA-binding proteins.
Hence, the algorithm relies on the maximum match between the hydrogen bond donors
and acceptors of the query and the template for template selection. We know that the
protein region at the interface is complementary to the DNA. Therefore, if the query protein
has matched well with the template protein, the DNA sequence of the template would also
match with that of the query. Thus, we predict the DNA sequence of the template as the

putative DNA sequence of the query.

We curated the PDNA-285 dataset to obtain only the protein-DNA complexes that
exhibit sequence-specific binding. We used this dataset to test our hypothesis that the
orientation of hydrogen bond-donor acceptor atoms shows conservation in specific DNA-
protein complexes. The performance of JEDII is highest on the PDNA-285 dataset, lending

credence to our hypothesis.

The MCC distribution of JEDII on the PDNA-285 dataset has a bimodal shape with
peaks near 0 and 0.9. The sensitivity value is reflective of this distribution pattern. If we
identify the optimal template, JEDII can predict the interface very accurately, while the
binding site is completely missed in the other cases. We could identify the DNA sequences
with an average similarity score of 0.62 on the PDNA-285 dataset. While we could identify
the DNA-binding residues in 56 proteins with an MCC of 1, we obtained a similarity score
of 1 for the DNA sequence prediction in 62 proteins. This implies that even though the
DNA-binding pose may differ slightly, affecting the prediction of DNA-binding residues, our

method can identify the DNA-protein interface correctly.
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We analysed the contribution of the query identity and the average sequence
identity between the template and query towards the MCC. Spearman’s correlation
coefficient was high for both parameters. However, the correlation with the query overlap
was comparatively higher. Thus, JEDII tends to perform better in the presence of
homologous structures bound to DNA. However, the performance is more dependent on
the accuracy of the alignment between the query and the template proteins. To understand
the contributions of the sequence identity between template-query, we employed the 40%

NR template database to make predictions on the proteins from PDNA-285 dataset.

With the 40% NR template dataset, there was a reduction in MCC from 0.70 to 0.45.
However, there were still 4 query proteins with an MCC of 1. The correlation between the
MCC and the template-query sequence identity reduced to -0.05 from 0.60 with the 40%
NR template dataset. However, the correlation between the MCC and the query identity
remained high at 0.67. Therefore, in the absence of close homologs, the identification of
DNA-binding residues relies on the structural similarity of the DNA-binding interface. There
was a reduction in the efficacy of identification of the DNA sequence with the 40% NR
template dataset. Since JEDII is a template-based method, a reduction in efficacy in the

absence of close homologs was an expected outcome.

However, unlike other methods, there are examples where JEDII has a good
performance without close sequential templates. One such example is that of the cro
repressor. The selected template has a sequence identity of 31%, and the query and
template have different CATH folds. Despite these differences, JEDII predicts the DNA-
binding residues, DNA-binding pose and the predicted DNA sequence of the cro repressor
protein with high accuracy. However, making uniformly good predictions in the absence of
close homologs, needs improvements on the current algorithm. We plan to incorporate
nucleotide changes based on the nucleotide-amino acid specificity rather than just relying

on the geometric similarity of the interface.

Another evaluation of robustness was to check the performance of JEDIlI on unbound
DNA-binding protein conformations. Previous studies have noted a conformational change

in both DNA and proteins when they interact to form a complex [360,361]. Most of the
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studies utilizing structural information to predict DNA-binding residues look at the
conformation of the protein in the DNA-bound state. However, the aim of developing these
methods is for the DNA-binding residue predictions of proteins that do not have a DNA-

bound conformation.

Thus, it would influence the accuracy of the methods in the cases where conformations
differ in the bound and unbound states. We used the APO-HOLO 82 dataset to analyse
the performance of JEDII. While the accuracy does not change significantly with either apo
or holo-structures as inputs, the MCC values are lower for the apo structure (0.55)
compared to the holo-structure (0.67). Despite the conformational change, JEDII can
identify 17/82 or 20% of the holo-structures as the templates for their respective apo

structures, which points to its robustness.

The DNA sequence prediction is also unaffected with apo or holo-structures as
inputs, with both giving a similarity score of 0.66. The identification of DNA sequence may
have an advantage with the apo structure. JEDII identified the exact DNA sequence in 23
out of 82 cases using the holo-structure as query, while this number increased to 30 with
the apo structure as input. The overall similarity score is the same for apo and holo,
indicating that the selected templates for the holo structure have more near-native

identifications than the apo protein.

We speculate that the template database does not have many structures similar to
apo conformations. Thus if JEDII identifies the appropriate template, the DNA sequence
matches perfectly. Otherwise, the similarity score is low. When we compare the
performance of JEDII with other methods on these dataset, we outperform the existing

methods on both datasets.

We can also obtain the unbound conformation of a DNA-binding protein through
protein models. Especially with the development of AlphaFold2, there has been
improvement in obtaining near-native conformations of proteins [172]. Therefore, we
tested the robustness of JEDII on models. While JEDII has a worse performance on both

MODELLER and AlphaFold2 models than experimentally determined structures as inputs.
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When the DNA-binding domain alone is given as an input, the performance is slightly
better with AlphaFold2 models.

This could be because AlphaFold2 models have more models with TM-scores >0.5
and also better average TM-score. Moreover, the RMSD between hydrogen bond donor
and acceptor atoms, which are used for superimposition, is also lower for AlphaFold2
models. The AlphaFold models from the database contain the entire protein and not just
the DNA-binding domain. Since our method looks for template similarity, AlphaFold2
models have a poorer MCC when entire protein structures are directly given as an input

instead of just the DNA-binding domain.

GraphBind has a better performance with respect to MCC, sensitivity and F1 score
when compared to JEDII. This holds true for experimentally determined structures of the
PDNA-129 dataset and models from these dataset. The PDNA-129 dataset contains 27
proteins whose structures have been determined by electron microscopy and the average
resolution of these structures is 4.4 A. Since JEDII relies on finding appropriate templates
using hydrogen bond-donor acceptor superimposition, the comparatively poor resolution
may hinder the prediction accuracy. The template dataset, which is curated from X-ray
crystal structures may also not have structures that resemble the proteins solved by
electron microscopy. Therefore, future improvements to JEDII could involve incorporation

of evolutionary information to overcome the lack of structural data.

While JEDII is a valuable tool, we wanted to compare its performance with the
existing methods. Since no single method can predict both the DNA-binding residues and
the DNA sequence, we compared the two kinds of predictions separately. For the DNA-
binding residue prediction comparison, we used PDNA-62, P224 and PDNA-129
benchmark datasets. We perform better than other methods on the PDNA-62 and P224
datasets but not on the PDNA-129 dataset, on which GraphBind is better. We suspect
GraphBind’s better performance has to do with their incorporation of evolutionary data.
~80% of its MCC contribution of GraphBind is from evolutionary information alone. As

discussed before, the 27 electron microscopy structures also contribute to JEDII lagging
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behind GraphBInd and incorporating evolutionary information is likely to improve our

efficacy.

Apart from using benchmark datasets, we compared the performance of JEDII with
GraphBind and HDock on the PDNA-285 dataset. GraphBind is currently the best method
for predicting DNA-binding residues and incorporates both structural and sequential
features for making predictions. While HDock is a protein-nucleic acid docking program
that predicts the binding pose of the DNA. We perform better than GraphBind and HDock

in all measures except the sensitivity.

To validate the DNA sequence prediction, we used data from ChIP-seq
experiments, since it is one of the most common methods to identify the DNA sequence
binding a protein. We used data from the PWMs generated by ChlP-seq experiments and
compared the DNA sequence predicted by JEDII with all the sequences that would satisfy

a given PWM. In this case, we have a motif similarity of 0.81.

One of the reasons for the high similarity score values in ChlP-seq experiments
could be the presence of ambiguous positions in the PWM. By ambiguous positions, we
mean that all four nucleotide occur at that position (Ns) in the consensus sequence. While
it is possible that at a particular position no single nucleotide is favoured, the experimental
conditions also influence the binding of proteins to DNA. Therefore, less stringent
conditions could enhance non-specific binding resulting in a PWM with more Ns. Thus, it is
crucial to rationalize the data obtained from ChlIP-Seq experiments with known DNA-
protein specificity patterns. Considering the time and resources involved in performing
ChIP experiments, JEDII can be used to obtain a preliminary hypothesis of the putative

binding site.

For comparing the DNA sequence prediction by JEDII with other computational
methods, there were only two candidates- DBD2BS and a study by Farrel and Guo. While
DBD2BS is a method that can be used for any DNA-binding protein, the method by Farrel
and Guo is specific for transcription factors. DBD2BS aligns the query protein to templates
and uses knowledge-based potentials to predict a PWM. Since JEDII can predict a single

DNA sequence, thus for comparison, we used their measure of a correct prediction. They
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consider a prediction as correct if the predicted nucleotide is also the nucleotide with the
highest frequency at that position. JEDII performs better than DBD2BS in 4 out of 7 test

cases and equivalent in 1.

The method by Farrel and Guo is a fragment-based method for predicting the PWM
bound by transcription factors. Since a direct comparison was not possible, we compared
JEDII with their method using similarity scores. For each position in the PWM, we consider
it as a correct prediction if that nucleotide has the highest frequency for that position.
Farrel and Guo also predicted if they could correctly identify a position in the PWM, but
with the PCC method [362]. We compared the similarity scores for both methods and
performed better than Farrel and Guo’s study in 18 out of 27 proteins. Both methods have
the same similarity score in two cases, and JEDII has worse performance than Farrel and
Guo in 7 cases. As mentioned previously, incorporating nucleotide-amino acid interaction

probabilities could improve the performance of JEDII for DNA sequence prediction.

In the different datasets, a common limitation of JEDII is its comparatively lower
sensitivity. The lower value of sensitivity is due to its inability to make a correct prediction
without an appropriate template. With the increasing structural data, incorporation of
evolutionary information and protein-nucleotide specificity information, JEDII can be
improved in the future. Overall, despite being a solely structure-based method, JEDII
outperforms not only other structure and sequence-based methods, but most methods that
employ a combination of structure and sequence. The unique feature of this method is that
it can predict the DNA sequence for a given protein regardless of its structural or functional
class. It integrates the problems of prediction of DNA-binding residues and the prediction

of DNA sequences into the common umbrella of DNA-protein interface prediction.

5.7 Chapter summary

In this chapter we discussed the development of an algorithm that integrates the
prediction of the DNA-binding residues, DNA-binding pose and the DNA sequence that a
protein structure would bind. Our method, JEDII, is a template-dependent method that

relies on the hydrogen bond orientation similarity across DNA-binding protein families to
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find the most appropriate template. This method can predict the DNA-binding residues and
the sequence in the absence of close homologs, with the unbound conformation of DNA-
binding proteins and with the protein models as inputs. The method outperforms the
existing algorithms and to our knowledge is the only one that predicts the DNA-binding

residues and the DNA sequence from a protein structure.
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CHAPTER 6: Conclusions and

Directions

Future

OVERVIEW
Summary of this study
Analysis of DNA-protein specificity in non-B-form DNA
Predicting binding affinities of the DNA-protein complexes
Engineering specific DNA-protein complexes

Concluding remarks
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6.1 Summary of this study

The molecular details of what dictates specific interaction between DNA and
proteins have not been elucidated for DNA-binding proteins. While there seems to be a
recognition code in protein families such as the zinc finger proteins and the TAL type Il
effector proteins, no such code is known for the other sequence specific DNA-binders.
Owing to the necessity of specific DNA-protein binding in crucial biological functions, we
believe that there is a universally conserved molecular signature behind this process. This
molecular signature, in our view, is largely determined by hydrogen bonds due to their
directional nature and their abundance in DNA-protein complexes. Previous studies
focused on hydrogen bonds in conjunction with other interactions [32,72,118-121]. But
these efforts only focussed on interactions of a single nucleotide or a particular family of
DNA-binding proteins. Statistical analysis of DNA-protein crystal structures has led to
knowledge about amino acid nucleotide preferences but not to a generalized recognition
code [31-34].

The lack of a general code, according to us was a consequence of not comparing
the DNA-binding preferences across structural folds. However, in our study we have
studied nucleotide-amino acid interaction preferences across DNA-binding protein families.
We superimposed structures using hydrogen bond donors/acceptors, which were
independent of the protein conformation, and therefore we learned molecular details of
recognition. Moreover, we adopted a holistic approach where we have used these
hydrogen bond donor/acceptor superimpositions to solve two problems:

i. Prediction of amino acids specifically binding a given DNA sequence-based
ii. Prediction of the DNA sequence that would be recognized by a protein structure
The first 4 chapters discussed our approach and results for the first problem, while

Chapter 5 dealt with the second problem.

To study the first problem of predicting the amino acid specific for a given protein,
we compiled a 40% non-redundant set of 285 sequence-specific DNA-protein complex
structures. This set was randomly divided into 235 structures in the training set, from which

we gleaned the nucleotide-amino acid specificity preferences. Based on these preferences

206



we predicted the amino acids that would bind the DNA sequences in the remaining 50
structures of the testing set. We analysed the molecular interactions in the training set and
observed that hydrogen bonds formed the majority of interactions with the DNA (except

van der Waals).

Thus, we focussed on explaining the specificity preferences using hydrogen bond
propensities. However, we did not observe sufficient number of interactions to make
statistically significant inferences of the binding preferences for many nucleotide-amino
acid pairs. Thus, we clubbed the amino acids with similar hydrogen bonding groups
together. This resulted in 45% of the nucleotide-amino acid pairs with statistically
significant favourable or unfavourable preferences. In order to compare the spatial
orientation of the hydrogen bonds, we superimposed the hydrogen-bonded nucleotides.
Upon superimposition of two nucleotides, we considered it as a hydrogen bond overlap if

the hydrogen-bonded amino acid partners of these nucleotides were at a distance <1.5 A.

The superimposition of the hydrogen bonds enhanced the confidence levels in the
propensities and we could obtain nucleotide-amino acid interaction preferences in 92.5%
of the cases. We also superimposed the nucleotides adjacent to the hydrogen-bonded one
and observed that the nucleotide-amino acid specificity was influenced by the
neighbouring nucleotides. We found that the neighbour at the 5 end had a greater
influence on specificity than the neighbour at the 3’ terminus. We compiled these data from
the different superimpositions into a probability-based scoring scheme. We analysed this
prediction scheme using the testing set and it gave comparable results as the training set,
which points to the robustness of the method. Since our method is probabilistic we do not
have a binary classification of binding and non-binding amino acids for a DNA sequence.
This is also supported by the multiple sequence alignments where the predicted amino
acid features in the close homologs, if not in the crystal structure of that protein. We

validated the method using in-silico and in-vitro techniques.

We performed the in-silico validation using four approaches. In the first approach
we used zinc finger proteins that had a known recognition code and predicted the amino

acids likely to bind the DNA sequence. The prediction accuracy for the highest scoring
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amino acid was similar to the training and testing set when the zinc finger proteins with
SELEX optimised sequences were chosen for comparison. We could predict 56, 62 and
69% of the amino acids in the optimized sequences. The predictions were incorrect for
serine/threonine and main chains. While our prediction scheme ranks the amino acids
likely to be specific based on the frequency of occurrence, we cannot quantify the
difference in specificity between the ranks. It is possible that for certain trinucleotides,
multiple amino acids are favoured. In the cases where there are many favourable amino
acids, the choice of the amino acid could be family-specific. However, due to the

generalized nature of our predictions, we cannot predict them accurately.

The second in-silico approach was predicting the multiple sequence alignment
(MSA) of a protein from the position weight matrix (PWM) of its recognition site. For each
sequence that satisfied the PWM, we predicted the most likely amino acid partners. We
then compared this list of predicted amino acids with those present in close homologs of
the protein. The amino acids predicted by our method were present in the MSA in 43% of
the cases. The occurrence in the MSA was also rank-dependent, with rank 1 occurring
with 37% frequency. This finding was substantiated by the Pearson’s correlation coefficient

of 0.92 between the rank in the prediction and the frequency in the MSA.

We also quantified the efficacy of the method in terms of MCC, which was 0.17.
Even though there are no other methods that can predict the MSA from the DNA
sequence, this MCC value needs improvement. The reason for the low MCC was the low
true positive rate. This means that while the identification of what is not specific is clear,
identifying correct pairs of interacting nucleotide-amino acid partners is still a challenge.
This could again be due to the fact that our method is probabilistic and when there are
multiple favourable interactions, identification of the one in that structure poses a problem.
We have analysed the effect of nucleotide neighbourhood on specificity. There could be a
similar neighbourhood influence at the protein interface. Studying the protein
neighbourhood could provide insights on which amino acids would be preferred when

many of them can interact favourably with a nucleotide.
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The third in-silico validation of our method was predicting the effect of mutations on
the DNA-protein interface. We made predictions based on the trinucleotide odds ratio. If
we only consider the mutations for which we have trinucleotide data, we can make 49 out
of 64 predictions correctly. Among the remaining 15, 7 mutations are made to amino acids
lacking side chain hydrogen bond donors/acceptors and there is a reduction in binding
affinity of the mutant. By definition, we have considered them as hydrogen bonds formed
by the main chain atoms. However, if the hydrogen bond is not formed, we could be
incorrectly penalizing our method. In the absence of structures for these mutations,

however, we can only speculate about the true reason for these incorrect predictions.

Finally, we validated our predictions by changing the DNA-binding specificity of
proteins and analysing them using Molecular Dynamics (MD) simulations. We changed the
original recognition sequence of proteins and predicted the amino acid changes that would
bind the new non-consensus sequence. We used two transcription factors- Myc and Ets1

and one restriction enzyme- EcoRV for this validation.

As a control system, we used Zif-268, for which the mutants had a crystal structure
with their preferred DNA sequence. Since the predicted amino acids would be incorporated
in the crystal structure by modelling, we also modelled the zinc finger wild-type and mutant
proteins as another control. However, the control experiments did not give expected
results in the simulations. The use of models of the Zif-268 proteins instead of the crystal
structure had higher binding energies. Also, the wild-type protein bound to the non-cognate
DNA with a better binding energy than to the cognate sequence. Thus, MD simulations
may not be an appropriate way of assessing the predictions. The results from our
prediction showed that the Ets1 mutant exhibited the specificity predicted by us, while Myc
did not. EcoRV has similar affinity towards both the original recognition site and the non-
consensus DNA for the wild-type as well as the mutant protein. To understand the change

in specificity, we employed in-vitro assays on these systems.

Out of the three systems that we simulated- Myc, Ets1 and EcoRV, we could obtain
the wild-type and mutant proteins for Myc and Ets1. We also predicted a double mutant for

Myc. However, the in-vitro results for Ets1 and Myc were reversed. Ets1 Y395R mutant
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exhibited better binding towards the wild-type consensus sequence and not the non-
consensus. Myc double mutant showed better binding towards the predicted non-
consensus DNA than the original consensus in multiple in-vitro assays. While the Myc
single mutant did not have quantifiable increase or decrease in affinity for the predicted
substrate. Thus, we were successful in changing the specificity of one protein out of three

predictions experimentally.

These validations increased our confidence in the use of hydrogen bond
donor/acceptor atoms in studying specificity. Therefore, we used the same approach to
tackle the problem of DNA sequence prediction from a protein structure. The DNA
sequence prediction requires knowledge of the amino acids that would interact with it.
While there are many tools that either predict the DNA-binding residues or the DNA
sequence, to the best of our knowledge, none of them predict both. We developed a
method that integrates the DNA-binding residue prediction with the DNA sequence
prediction. We adopted a template-dependent superimposition methodology called
Juxtaposition Enabled DNA-binding Interface Identifier (JEDII).

JEDII uses hydrogen bond donors and acceptors to find the most appropriate
template and the DNA from the template is used to build a model for the query-DNA
complex. The amino acids interacting with DNA are predicted as DNA-binding amino acids
and the DNA sequence of the late is predicted as the putative DNA sequence that the
protein would bind. The rationale was that the protein region at the interface is
complementary to the DNA. Therefore, if the query protein matched with the template
protein, the DNA sequence of the template would also match with that of the query. Our
method had an MCC of 0.70 for DNA-binding residue prediction and a similarity score of

0.62 (maximum value 1) on the 285 proteins that we had compiled.

We assessed the robustness of our method by checking its accuracy in the absence
of close homologs, with the unbound conformation of the protein as input and protein
models as inputs. While there was some loss in the MCC with these validations, JEDII still
performed better than or at par with other methods. The similarity score was less affected

by these measures of robustness. Since it is a template-based method, JEDII tends to
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perform better in the presence of homologous structures bound to DNA. However, the
accuracy is more dependent on the efficiency of alignment between the query and the

template proteins.

We compared our method against existing algorithms on four independent
benchmark sets for DNA-binding residue prediction and two sets for DNA sequence
prediction. We also validated the DNA sequence prediction using PWMs from ChlIP-seq
data and had a similarity score of 0.81. Considering the time and effort involved in such an
experiment, JEDIl can be used to obtain preliminary information about the DNA-binding
protein. The unique feature of this method is that it can predict the DNA sequence for a
given protein regardless of its structural or functional class. It integrates the problems of
prediction of DNA-binding residues and the prediction of DNA sequences into the common

umbrella of DNA-protein interface prediction.

Therefore, with the development of a methodology to predict the amino acid for a
given DNA and to predict the DNA sequence binding a protein we fulfilled our two
objectives. Among many of the extensions of this project, future work can be directly based
on-

* Analysis of DNA-protein specificity in non-B-form DNA
* Predicting binding affinities of DNA-protein complexes

* Engineering specific DNA-protein complexes

6.2 Analysis of DNA-protein specificity in non-B-form DNA

The thesis was based on understanding the specificity of the DNA-protein
complexes. However, we had only focussed on the classical B-form DNA. The primary
limitation was the availability of data. The B-form DNA is the most abundant form of DNA
inside cells and therefore, it had a larger volume of DNA-protein complex structural data
available. However, we attempted to do a preliminary analysis for other DNA-protein
complexes, which can be pursued in future with the availability of more information. We

analysed double-stranded A-form, double-stranded Z-form and single-stranded DNA.
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The A-form of DNA acts as a defence mechanism to protect the DNA under
dehydration [363,364]. Single-stranded DNA is an intermediate conformation in processes
such as replication [80,81], repair [82—84] and recombination [85-87]. Z-form DNA is
characterized by the left-handed helix with a zig-zag orientation of its phosphate groups
[96]. The details of these alternate DNA forms are described in Chapter 1, section 1.3.2. To

study the specificity of this conformation we obtained 3D structures from NDB [208].

There were 210, 137 and 13 protein-DNA complexes annotated as single-stranded,
double-stranded A-form and Z-form DNA respectively. However, none of the Z-form DNA
have hydrogen bonds with the nitrogenous base and amino acids. The Z-DNA is
hypothesized to have a structural recognition of its zig-zag pattern by the DNA-binding

proteins [115]. Therefore, we did not proceed with the Z-form DNA.

Among the 137 A-DNA complexes, 86 were DNA/RNA hybrid complexes, 48 were double-
stranded DNA complexes and 3 were RNA-protein complexes. Thus, we divided the A-
form conformation to two sets double-stranded A-form DNA and DNA/RNA hybrid

structures.

We obtained a 40% NR set from each set separately using CD-HIT [227]. This
resulted in 68 structures for single-stranded DNA and 11 structures in each for double
stranded A-DNA and DNA/RNA hybrid.

We calculated the hydrogen bonds between the DNA and protein in the these sets
using our in-house python script and parameters described in Chapter 2, section 2.1.2. We
considered the hydrogen bonds made by the protein with only the DNA strand in the hybrid
structures. The single-stranded, double-stranded A-form and DNA/RNA hybrid DNA-
protein complex sets had 1066, 230 and 145 hydrogen bonds, respectively between the
nucleoside and amino acid.

We analysed the preferences of these interactions by Fisher’'s Exact Test described
in Chapter 2. Among the 40 interaction pairs of nucleotides and amino acids, the single-
stranded DNA-protein complex has statistically significant interactions in 6 cases at 95%
confidence. The double-stranded A-form and DNA/RNA hybrid complexes have 11 and 4

statistically significant interaction pairs, respectively. Despite having more hydrogen bonds,
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the single-stranded DNA has fewer significant preferences than double-stranded A-form
DNA. This could imply that the interactions of single-stranded DNA with their cognate
proteins are less specific in nature. We compared the statistically significant preferences in
the alternate DNA conformations with the double-stranded B-form DNA-protein complexes
(Figure 6.1).

(a) C DE H K Mc NQ R ST W Y

nan 1.39 1.28 0.66 1.00 0.68 1.11 0.66 2.13 1.62
nan 3.16 0.81 0.29 1.15 1.12 0.97 0.65 0.00 1.44
nan 1.10 0.76 2.38 0.88 0.72 1.21 0.81 0.25 0.63
nan 0.33 1.25 0.92 1.00 1.24 0.87 1.59 3.75 0.89

-H|O|O]|>

(b) C DE H K Mc NQ R ST W Y

0.00 0.00 0.00 0.00 1.11 3.78 0.17 6.14 0.00 0.00
0.00 9.10 7.33 3.68 1.54 1.82 0.14 0.77 0.00 3.52
0.40 0.34 0.40 0.19 0.59 0.30 6.37 0.65 0.82 0.82
18.36 | 0.00 0.00 3.67 1.45 0.81 0.80 1.18 8.12 0.00

-HQ|O]|>

(c) C DE H K Mc NQ R ST W Y

nan 0.00 nan 0.00 0.00 0.87 0.60 8.62 nan 3.33
nan inf nan inf 0.00 0.39 0.19 0.00 nan 2.61
nan 0.00 nan 0.00 0.63 1.07 3.05 1.33 nan 0.46
nan 0.00 nan 0.00 | 10.75 | 2.21 1.09 0.00 nan 0.00

-S|Q|O]|>

(d) C DE H K Mc NQ R ST W Y

0.00 0.71 0.91 0.39 0.86 4.26 0.42 1.97 0.00 3.05
0.00 | 42,53 | 1.44 0.20 4.05 0.86 0.12 1.31 0.00 1.70
0.89 0.04 1.01 2.52 0.36 0.35 3.22 0.49 0.00 0.41
4.93 0.03 0.77 0.96 1.40 0.95 1.15 1.17 inf 0.51

-H|Q|O]|>

Figure 6.1: Comparison of binding preferences in different DNA conformations
- single-stranded(a), double-stranded A-form (b), DNA/RNA hybrid (c) and double-stranded
B-form (d) DNA-protein complexes. The values inside the cells are the odds ratio values

obtained through Fisher’s Exact test. The white cells are not significant at 95% confidence.
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Blue and pink cells indicate significant interactions that have a positive and a negative

preference, respectively.

The single-stranded DNA had four preferences that matched with the B-DNA out of
six. In the remaining two preferences, the interacting pairs were not significant in B-DNA.
The double-stranded A-form DNA and the DNA/RNA hybrid structures did not have any
difference in preferences in the four pairs that are significant in the hybrid structure set.
However, compared to the double-stranded B-form DNA, there is a difference in the lysine
preferences. Lysine-cytosine interaction is favoured in the double-stranded A-form and the
DNA/RNA duplex structures. But in the double-stranded B-form DNA, lysine-cytosine
interaction has a negative preference. Whereas the opposite is true for lysine-guanine
interaction. The lysine-guanine interaction is not favoured in the double-stranded A-form
DNA, but is favourable for double-stranded B-form DNA.

Considering that we have based our inference on only 22 structures, we cannot
claim there is a difference in preference with confidence. This needs to be investigated in
the future when more structural data of A-form DNA-protein complex become available. It
is well known that certain DNA sequences are more prone to deformation [365-367]. If
they adopt an A-like conformation locally, this could mean that their recognition is mediated
by different preferences and therefore a universal code of recognition has not been

discovered yet.

6.3 Predicting binding affinities of the DNA-protein complexes

In the current study, we have analysed the role of hydrogen bonds in imparting
specificity to DNA-protein complexes. In Chapter 3, section 3.4, using these specificity
cues we predicted the affect of a point mutation in the DNA-protein complex towards the
binding affinity. However, we only predicted whether it would increase or decrease the
affinity compared to the wild-type DNA-protein complex. As discussed in Chapter 3, the
experimental conditions such as pH, temperature and ion concentration can affect the

binding affinity by orders of magnitude [231]. Also, for the same wild-type to mutation
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change there was up to a 100-fold change in the binding affinity. These factors make

absolute binding affinity prediction a difficult problem to solve.

A possible approach that can be used in future to tackle this problem would be to
include other nucleotide-amino acid interactions in the prediction. As stated in Chapter 1,
section 1.3, there are other interactions that also contribute to the stability of the
interactions. Therefore a mutation may not only change the hydrogen bond interaction, but
also change electrostatics and hydrophobicity of the interface locally. Thus, for an estimate

of the binding affinity we need to incorporate all the interactions in the complex.

There are computational methods that predict the binding affinity [368—370]. However, we
believe that the use of trinucleotide preferences with the other interactions could improve
the binding affinity predictions. Moreover, combined with JEDII, we could employ the

method to derive binding affinity of unbound proteins to different DNA substrates.

6.4 Engineering specific DNA-protein complexes

In Chapters 3 and 4 we attempted to validate the predicted specificity preferences
by changing the specificity of DNA-binding proteins. However, we changed one or two
amino acids at most for this validation. In order to generate a protein to specifically bind a

DNA sequence we can follow a reverse engineering process.

In a typical design protocol, the backbone is first generated and the sequences that
best fit this backbone are selected [371,372]. Our proposed method aims to do the
reverse. We have structures of DNA-protein complexes with their inter-molecular
interactions. Depending on the DNA sequence for which we want to design a protein, we
can select appropriate templates of the DNA-protein complexes. We have shown that the
hydrogen-bonded amino acid groups show conservation across different DNA-binding
protein families. Thus, we can take the hydrogen-bonded atoms from the template
proteins. We can thread these atoms through different backbones. The binding affinity

calculations described in section 6.2 can help us decide the best protein binder for the
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DNA sequence of interest. A second approach would be to use Rosetta suite [373] and

select the best sequence according to the lowest RMSD with the desired interface.

6.5 Concluding remarks

In this thesis we have studied the specificity between DNA-protein interactions
primarily using hydrogen bonds. We have demonstrated multiple instances where the
different proteins exhibit the same hydrogen bond pattern. We have developed a
methodology to predict the amino acids that will bind to a given DNA sequence specifically.
We have also developed a technique to predict the DNA-binding residues, the DNA-
binding pose and the DNA sequence that a protein structure would bind.

We have validated our methods with diverse in-silico and in-vitro approaches Our
findings provide previously unknown insights into the specificity determining factors in
DNA-protein complexes. These may be applied in various spheres, some of which we
have shown in our thesis and proposed others that may be pursued as a direct extension
from the results of this thesis. The amino acid prediction from the DNA sequence may be
employed to study the evolution of transcription factors. The current methodology can
predict the effect of the mutation on DNA-protein interface and therefore could help
rationalize diseases that occur as a result of this. An extension of this would be to predict
the binding affinity of the DNA-protein complexes.

We have shown that the DNA sequence prediction can be used to obtain binding
site information for a protein and has a good correlation with the site obtained through
Chromatin Immunoprecipitation sequencing (ChlP-seq). In the future, using the hydrogen
bond donor/acceptor derived interface, engineering proteins with required specificity could
be achieved without regard for conforming to a specific fold. A similar approach may be
adopted to analyse the specificity in non-B form DNA and RNA-protein complexes or any
interface that relies on hydrogen bonds for recognition of the binding partner. The
applications and implications of this study are immense and the results from our analysis
would be useful additions to the scientific community. A common limitation that we have
encountered throughout our study was the paucity of data. In the future, with that increase
in structural data, we believe that these hydrogen bond preferences could pave the way for

a molecular recognition code.
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Appendix

1. List of PDBs removed by manual curation to retain only B-form sequence-specific DNA-

protein complex structures

1A35, 1CEZ, 1CKT, 1EWN, 1EWQ, 1FN7, 1K2, 1L3S, 1M5R, 1MTL, 10E5, 1QUM, 1RXW, 1T3N, 1TEZ,
1TWVL, 1X9N, 1XPX, 1Y6F, 1YFJ, 2A0Q, 2AQ4, 2DNJ, 2FVQ, 2H7G, 2IHN, 2IS2, 20FI, 2P0J, 2P6R,
2PFO, 2R9L, 2RGR, 2WWY, 2XRZ, 2ZKD, 3AAF, 3CVY, 3CW?7, 3DSD, 3ECP, 3F2B, 3FBD, 3GOR, 3GQC,
3GYH, 3H25, 310W, 3IAY, 3JR5, 3JSM, 3JY1, 3K5L, 3KHH, 3KNT, 3KXT, 3M4A, 3NGI, 3NH2, 301M, 30DA,
30DE, 3PT6, 3Q0D, 3QMC, 3RZL, 3S6l, 3SLP, 3SPD, 3TED, 3TWM, 3VHO, 3VK7, 3VXV, 3ZVN, 4B23,
4C2U, 4CEl, 4CEJ, 4DKJ, 4ERS, 4FLW, 4FZX, 4GCL, 4GLE, 4GLX, 4HT4, 4HTU, 4IRC, 4J9Q, 4LLN, 4LVJ,
4NM6, 403M, 406A, 4P0Q, 4P4P, 4PAR, 4PTF, 4PZI, 4Q0Z, 4RI8, 4RKG, 4SKN, 4TMU, 4UBB, 4XQK,
4XVK, 4YPH, 4Z3A, 4ZYD, 5BPD, 5CDM, 5CHZ, 5CO8, 5D4D, 5DAC, 5DS5, 5G34, 5GKG, 5HP4, 5HRB,
5144, 5J5P, 5L.2X, 5NW9, 5T5C, 5T9J, 5UM9, 5VOE, 5VHV, 5VZD, 5W2A, 5XFQ, 6AS7, 6CNQ, 6EMY

2. Amino acid (three-letter representation) composition (%) in training and testing sets

Amino Acids | Training Set | Testing Set
ALA 7.45 7.09
CYS 1.20 1.34
ASP 5.14 5.15
GLU 7.42 7.10
PHE 3.84 413
GLY 5.67 5.99
HIS 2.36 2.23
ILE 6.25 6.61
LYS 7.27 7.33
LEU 10.45 9.51
MET 1.89 2.09
ASN 4.30 4.39
PRO 3.87 4.19
GLN 4.29 4.05
ARG 6.93 7.02
SER 6.01 6.08
THR 4.91 4.59
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VAL 6.24 6.33
TRP 1.15 1.45
TYR 3.35 3.33

3. Hydrogen bond donor-acceptor list used in this study

Amino Acid | Acceptor | Acceptor Antecedent | Donor
ALA 0] C N
O Cc NH2
NH1
ARG
NE
N
OD1 CG ND2
ASN
] C N
OD2 CG N
ASP OD1 CG
)
] SG
CYS
N
N3 c2 N6
N3 C4
N7 C5
N7 C8
N9 C4
DA N9 C8
03’ c3
o4 c4'
O5' C5'
OP1 P
OoP2 P
N1 C6 N4
DC N1 C2
02 C2
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o3’ C3'
o4' c4'
015 C5'
OP1 P
OoP2 P
N3 C2 N2
N3 C4
N7 C5
N7 C8
06 C6
N9 C4
DG
N9 C8
o3’ C3'
o4' c4'
015 C5'
OP1 P
OoP2 P
N1 C6 N3
N1 C2
02 C2
04 C4
DT o3 C3'
o4 C4'
o5' C5'
OP1 P
OoP2 P
OE1 CD NE2
GLN
O Cc N
OE2 CD N
GLU OE1 CD
O
GLY O N
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O C ND1
NE2 CDh2 NE2
HIS NE2 CE1 N
ND1 CG
ND1 CE1
ILE O C N
LEU O C N
O NZ
LYS
N
MET O CA N
PHE O C N
PRO O
O C 0G
SER
oG CB N
O C 0G1
THR
OG1 CB
O C NE1
TRP
N
O C OH
TYR
OH Ccz N
VAL O C N

4. Superimposition frequency when the first nucleotide of the dinucleotide is hydrogen-
bonded.

The amino acids/groups (columns) and nucleotides (rows) are shown in single-letter

representation.
H-bonded Nucleotide 3’ Neighbour | C | DE | H K [Mc|NQ| R |ST | W| Y
A 0| 6 2 86 2 |113| 149 | 89 | 0| 83
0] 3 5 42 0 |47 | 43 | 69 | 0| 17
A G 0,0 0O | 398 | 1|41 | 706 | 53 |0 29
T 0] 1 1 0 3 |234| 89 [219| 0 | 113
C A 0196 | 1 6 12| 84 | 37 |245| 0 | 157
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C 0 58| 6 28 |37 52| 17 | 81 | 0| 57
G 0| 13| 1 53 |24 39| 21 |47 |0 | 14
T 0|34 3 1 17 | 15 0 38 | 0| 32
A 0| 7 | 43 [1347| 33 | 177 1900|522 | 0 | 197
C 0| 7 | 68820 | 65|82 18901300 O
© G 0| 0 |162]2821| 0 | 1594123 302| 0 | 69
T 41| 0 | 23 | 2212 | 48 | 2254178 | 455 | 0 | 22
A 0| 0 7 1129 |59 |67 | 314 | 84 | 0| 2
Cc 0| O |16 | 234 | O | 53 | 472 | 53 |0 | 16
! G 0 0 6 68 | 10| 52 | 107 | 57 | 1 | 13
T 10, 0 3 | 165 |42 | 37 | 238 | 59 | 0| 4

5. Superimposition frequency when the second nucleotide of the dinucleotide is hydrogen-
bonded.

The amino acids/groups (columns) and nucleotides (rows) are shown in single-letter

representation.

5’ Neighbour | H-bonded Nucleotide | C | DE | H K |[Mc|NQ| R ST |[W| Y
A 0] O 0 | 122 | 4 |1M4| 389 | 121 | 0 | 30
C 01 25| 0 26 0 | 49| 134 | 129 | 0 | 21
G A 0| 8 4 25 1 |1M8] 185 | 99 | 0 | 48
T 0,0 3 92 11214 102 | 119 | 0 | 145
A 0 37| 5 10 | 13 | 17 | 13 62 | 0| 9
C 0|43 |20 42 |97 | 35| 39 61 | 0] 43
G ¢ 0103 3 23 | 39| 44 0 154 | 0 | 76
T 0,8 | 0 32 | 20| 39 | 33 47 10 101
A 0| 0 | 20 {1234 | 61 1140|1538 80 | 0 | 81
C O] 0 |61 794 | 4 1131891 | 223 | 0 | 28
G © 15| 4 |262|4476| 45 | 293 4543 | 241 | 0 | 19
T 0| 2 | 70 {1251| 8 | 69 | 4645|1228 | 0 | 215
A 0] O 4 | 314 | 40| 38 | 326 | 38 | 0| 2
C ! 0] O 0 11 4 9 62 22 | 0| 8
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38
135 | 0

733

90

0
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0
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6. Superimposition frequency of trinucleotides
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0
0
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0
0
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2

291010
13102

3

5

11

14

32|00
14100

48
60

14

98

139

81

13

0
0

95

6

25

16

41

12| 46

175

13

0
10

0 | 48 | 47

0
0

0

0
0

0

0

1

3

6
0
0
5

12

1310 | 31

8

0

0

0

12

3

0

0

0,000

0,00

00|00

0/50 |0 2
0/ 3|0

0/10/0, 0

0

0/ 0|0, 8

0,0 |047 0

0

0300

0/54/0 0

022 4

0/32/0 0

025 /4|0
01400

0/20/0, O

0/34/00
0880

06 |00

3’ Neighbour |[C|DE|H| K |[Mc|NQ| R |ST WY

T

A

A

G

A

H-bonded Nucleotide

5’ Neighbour
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A 0 0 3/24|/8|41|105 27 0/|0
C 0,0 0, 60| 0|4 0 0]|O0
G 0,00, 22|71 1 0]|0
T 0,0 1,2 4]20| 8 9 |00

7. Statistically significant preferences common between Di- and Trinucleotides

Trinucleotide | Amino acid | Trinucleotide odds ratio | Last Nucleotide odds ratio | First Nucleotide odds ratio
GAG K 0.28 0.13 0.13
GAT NQ 17.99 6.80 10.60
GGG ST 0.65 0.17 0.17
CAG NQ 2.43 2.97 6.80
GGA ST 0.04 0.17 0.23
CAT NQ 24.79 297 10.60
TGT R 4.49 1.95 1.95
AAT NQ 10.52 3.60 10.60
CCA K 0.00 0.29 0.15
AGA Mc 5.78 1.64 1.64
GAC K 0.00 0.13 0.17
GTT DE 0.00 0.00 0.00
GCA ST 17.01 5.52 5.98
CCA DE 31.11 14.53 32.15
TAT DE 0.00 0.00 0.00
TCA NQ 5.94 2.50 2.28
GAC ST 2.90 2.56 5.18
CCC Mc 22.35 35.33 35.33
TGG R 4.02 1.95 0.80
ACG R 0.00 0.09 0.00
TAA DE 0.00 0.00 0.00
GTG DE 0.00 0.00 0.00
ACC DE 82.26 32.15 14.53
TAT R 0.03 0.17 0.17
CCG R 0.00 0.11 0.00
TAC ST 4.99 2.15 5.18
GGA K 2.89 2.89 1.60
ACT R 0.00 0.09 0.10
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GGT NQ 0.52 0.51 0.14
TCC DE 28.00 40.44 14.53
TTG NQ 4.30 1.83 1.58
TGT NQ 0.19 0.14 0.14
TAG R 0.37 0.17 0.62
TTA DE 0.00 0.00 0.00
AAA K 0.00 0.43 0.43
AGA DE 0.00 0.00 0.00
TAA K 0.33 0.37 0.43
GCC ST 2.31 5.52 1.90
CGT NQ 0.32 0.73 0.14
CAT K 0.00 0.17 0.37
TCA Y 22.10 16.03 2.05
GCG R 0.00 0.00 0.00
TGG DE 0.00 0.02 0.03
ACA DE 87.29 32.15 32.15
CGT R 1.69 1.65 1.95
GCA DE 24 .87 44.92 32.15
CGC K 0.48 0.79 0.79
TGC R 6.93 1.95 1.65
TGC NQ 0.04 0.14 0.73
GGG NQ 0.10 0.51 0.51
GCG Mc 17.84 8.27 8.27
TCA DE 14.83 40.44 32.15
CAC R 0.03 0.54 0.54
TGA H 0.00 0.52 0.38
ATA R 0.30 0.75 0.75
GCT Y 36.88 8.03 16.03
CCA R 0.07 0.11 0.09
TCT Mc 142.87 4.86 4.86
AAA DE 0.00 0.00 0.00
CGG DE 0.00 0.00 0.03
TGT Mc 0.00 0.06 0.06
TAA NQ 3.90 10.60 3.60
TTT Mc 14.57 4.82 4.82
TCA ST 1.70 1.52 5.98
GCG DE 11.13 44.92 44.92
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TGA DE 0.00 0.02 0.00
TTA Mc 6.03 4.82 4.70
TCT R 0.00 0.10 0.10
CCC R 0.00 0.11 0.11

TAC K 0.00 0.37 0.17
CCA Mc 8.15 35.33 6.81

ACA K 0.00 0.15 0.15
TGT DE 0.00 0.02 0.02
ACC K 0.00 0.15 0.29
GGC DE 0.00 0.03 0.00
TAC NQ 21.27 10.60 297
CAC DE 120.97 7.41 7.41

CCC H 6.81 3.61 3.61

TCC R 0.11 0.10 0.11

AGT H 0.00 0.38 0.52
ACA R 0.03 0.09 0.09
AGC ST 0.16 0.23 0.74
TAC R 0.04 0.17 0.54
GTG NQ 3.03 1.58 1.58
AGC DE 0.00 0.00 0.00
ACC NQ 2.11 2.28 2.04
CAT R 0.00 0.54 0.17
GGC Y 0.00 0.05 0.30
CCG DE 27.86 14.53 44.92
GGG Y 0.00 0.05 0.05
GAT K 0.00 0.13 0.37
TAG Y 4.51 11.56 4.06
CCG Y 12.37 4.73 8.03
GCC K 0.14 0.13 0.29
GGG DE 0.00 0.03 0.03
TGT H 0.00 0.52 0.52
GCA K 0.00 0.13 0.15
GAT R 0.12 0.62 0.17
GCC R 0.00 0.00 0.11

CGC ST 0.15 0.74 0.74
TGC DE 0.00 0.02 0.00
ACC R 0.00 0.09 0.11
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CTC K 0.00 0.25 0.25
ACT K 0.00 0.15 0.23
TGG NQ 0.25 0.14 0.51
CGG Y 0.00 0.30 0.05
TGT K 0.28 0.39 0.39
GGA DE 0.04 0.03 0.00
ACG ST 17.34 5.98 5.52
GGG K 2.61 2.89 2.89
AAT K 0.00 0.43 0.37
GAA NQ 16.75 6.80 3.60
CGG ST 0.61 0.74 0.17
AAT ST 3.33 1.85 2.15
TGG Mc 0.00 0.06 0.27
TAT NQ 26.89 10.60 10.60
TCG ST 5.79 1.52 5.52
GAC NQ 13.76 6.80 2.97
TGC K 0.17 0.39 0.79
CAT ST 5.12 5.18 2.15
GCA R 0.00 0.00 0.09
CGT Mc 0.00 0.09 0.06
GAC R 0.02 0.62 0.54
TCC Y 12.44 16.03 4.73
TAT K 0.00 0.37 0.37
TAT H 0.00 0.28 0.28
ATT Mc 47.05 4.70 4.82
CAG K 0.53 0.17 0.13
TCA R 0.02 0.10 0.09
GCG NQ 7.39 2.23 2.23
GGG H 11.27 2.60 2.60
CCC DE 44 .32 14.53 14.53
CCT R 0.00 0.11 0.10
AGG K 1.47 1.60 2.89
CGC R 1.67 1.65 1.65
GCT R 0.00 0.00 0.10
AAT DE 0.00 0.00 0.00
CTT ST 6.69 2.32 1.76
TCA K 0.05 0.23 0.15
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GGC NQ 0.45 0.51 0.73
CGC DE 0.00 0.00 0.00
AGG DE 0.00 0.00 0.03
TTT NQ 7.76 1.83 1.83
CCT DE inf 14.53 40.44
ATA Mc 88.75 4.70 4.70
CCC K 0.00 0.29 0.29
GGG Mc 0.00 0.27 0.27
GCC DE 71.81 44.92 14.53
TTT ST 4.49 1.76 1.76
ACT DE 63.05 32.15 40.44
AGG ST 0.52 0.23 0.17
CGT DE 0.00 0.00 0.02
AGT DE 0.00 0.00 0.02
GGT DE 0.00 0.03 0.02
AAA NQ 9.12 3.60 3.60
TAT Y 23.98 11.56 11.56
CGC NQ 0.47 0.73 0.73
CAA ST 9.15 5.18 1.85
CCG Mc 13.13 35.33 8.27
GCC Mc 6.37 8.27 35.33
CAC K 0.19 0.17 0.17
GGG R 0.70 0.80 0.80
AGA K 1.96 1.60 1.60
AGA H 0.00 0.38 0.38
CTC Y 7.76 2.65 2.65

8. Weights optimized by grid-search for the prediction of an amino acid specific for a given

DNA sequence.

The nucleotides are in single-letter representation.

Trinucleotide | Trinucleotide Weight | Dinucleotide weight | Single Nucleotide Weight
AAA 1 0 0
AAC 0 0.01 0.99
AAG 1 0 0
AAT 1 0 0
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ACA 0 0.01 0.99
ACC 1 0 0
ACG 0 0.01 0.99
ACT 0 0.01 0.99
AGA 1 0 0
AGC 1 0 0
AGG 1 0 0
AGT 1 0 0
ATA 0 0.01 0.99
ATC 1 0 0
ATG 0 0.01 0.99
ATT 0 0.01 0.99
CAA 1 0 0
CAC 1 0 0
CAG 1 0 0
CAT 0 0.01 0.99
CCA 0.98 0 0.02
CCC 1 0 0
CCG 1 0 0
CCT 0 0.01 0.99
CGA 0 0.01 0.99
CGC 1 0 0
CGG 1 0 0
CGT 1 0 0
CTA 0 0.01 0.99
CTC 0 0.01 0.99
CTG 0 0.01 0.99
CTT 0 0.01 0.99
GAA 0 0.01 0.99
GAC 0.18 0.01 0.81
GAG 1 0 0
GAT 1 0 0
GCA 1 0 0
GCC 1 0 0
GCG 0 0.01 0.99
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GCT 0 0.01 0.99
GGA 1 0 0
GGC 1 0 0
GGG 1 0 0
GGT 1 0 0
GTA 1 0 0
GTC 1 0 0
GTG 1 0 0
GTT 1 0 0
TAA 1 0 0
TAC 0 0.01 0.99
TAG 1 0 0
TAT 1 0 0
TCA 1 0 0
TCC 1 0 0
TCG 0 0.01 0.99
TCT 0 0.01 0.99
TGA 1 0 0
TGC 1 0 0
TGG 1 0 0
TGT 1 0 0
TTA 1 0 0
TTC 0.03 0.01 0.96
TTG 0 0.01 0.99
TTT 0.18 0.01 0.81

9. List of chains selected for MSA prediction from PWM

1A0A B, 1ZET_A, 3D6Z_A, 4H5Q_B, 5GNJ_I, 6IFM_B, 1A3Q_A, 1ZM5_A, 3DPG_B, 4HC9_A, 5GZB_A,
6J9C_D, 1AM9_A, 1ZME_D, 3ERE_D, 4HDU_A, 5H1C_B, 6JBX_A, 1B69_A, 1ZS4_A, 3GOX_A, 4HF1_A,
5H3R_A, 6JE4_K, 1B94 B, 1ZX4_A, 3GZ6_A, 4HP3_C, 5HF7_A, 6JRP_D, 1BF5_A, 1ZZI_A, 3HOD_A,
4HQE_A, 5HLG_E, 6JYW_A, 1BVO_A, 2A3V_C, 3HQF_A, 4HT4 A, 5HP4_A, 6L8E_C, 1CF7_A, 2A60_B,
3HQG_A, 4120_B, 5HR4_C, 6MOW_A, 1CF7_B, 2A0R_A, 3I0X_A, 4IHS_B, 5I2D_R, 6M3D_C, 1CKT_A,
2AS5_N, 3IAY_A, 4IX7_B, 5l44_|, 6MRJ_D, 1D02_A, 2AYB_B, 3IGM_A, 41ZZ_A, 5J2Y_A, 6NSM_B,
1D3U_A, 2BAM_B, 3IMB_B, 4J19_B, 5JUB_B, 6NY1_Y, 1D5Y_A, 2BNZ D, 3JCA _E, 4J1J_A, 5K1Y_F,
606P_B, 1DC1_A, 2BOP_A, 3JR5_A, 4JBM_A, 5K5J_A, 608E_A, 1DFM_A, 2C9L_Z, 3JRH_B, 4JQD _E,
5L6L_D, 60D4_B, 1DH3_C, 2D5V_B, 3JSP_B, 4K8X_A, 5LD2_D, 60N0O_B, 1DMU_A, 2DNJ_A, 3JTG_A,
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4KDP_B, 5LEJ_B, 60PM_B, 1DP7_P, 2DPD_B, 3JXD_L, 4L18_E, 5M0OQ_A, 6P0S_E, 1EA4_K, 2DRP_D,
3K57_A, 4L62_M, 5SMHK_A, 6P1A_A, 1F4S_P, 2ERG_A, 3KDE_C, 4LMG_C, 5MPF_B, 6P7E_B, 1FIU_B,
2EVJ_A, 3KET_A, 4LUP_A, 5N9F_A, 6PBD_A, 1FOK_A, 2F03_C, 3KQL_B, 4LVL_A, 5NPK_D, 6P1J_G,
1G38_D, 2FIO_A, 3L1P_A, 4MDE_B, 5063 B, 6PQU_A, 1GCC_A, 2FL3_A, 3LSP_A, 4MTE_D, 506D_B,
6PSR_L, 1GD2_G, 2FO1 A, 3M4A A, 4MZR B, 5SWW_C, 6Q2B_B, 1H6F B, 2G1P_A, 3M7K_A,
4NOO_E, 5T7X_B, BQEC_A, 1H88 B, 2GB7_A, 3MKW_B, 4NHJ_A, 5TH3 B, 6QFD_A, 1HBX_A,
2GLO_A, 3MZH_A, 4NID_A, 5TKZ_B, 6QIB_A, 11AW_B, 2H27 A, 3N6S_A, 4NQA_H, 5TRD_B, 6RYL_E,
1IXY_B, 2H3A_B, 3NIC_E, 40NO_B, 5U07_D, 6S48_A, 1J46_A, 2HAP_D, 303G_A, 4P9U_F, 5U30_A,
6T1F_B, 1J5N_A, 2HZV_A, 309X_A, 4PZI_A, 5UAN_B, 6T21 B, 1JFT_A, 2IRF_L, 30NO_D, 4Q5V_E,
5V09_Z, 6U81_A, 1JJ8_C, 2K1N_B, 30Q0_C, 4QTJ_A, 5VFX_A, 6U8V_A, 1JTO_C, 2K7F_A, 30R3_B,
4R4E_B, 5VL9_A, 6U9Q_A, 1L3L_A, 2KOO0_A, 30SG_A, 4R8A_F, 5VPE_C, BUKE_X, 1LFU_P, 2KY8_A,
30YM_A, 4RB1_B, 5VPF_B, 6USP_A, 1LLM_D, 2LEF_A, 3PVI_B, 4RDM_B, 5VXN_D, 6VOV_A, 1LQ1_D,
2LEX_A, 3PVP_B, 4RKG B, 5WJR_A, 6V93_A, 1LRR_A, 2LKX_A, 3RI4_D, 4504_B, 5WTI_Z, 6VBW_G,
1MJ2_B, 2LT7_A, 3RMP_A, 4SON_A, 5WVZ_B, 6VDD_A, TMSW_D, 2LTT_B, 3SQI_A, 4WLW_A, 5X11_A,
BW1F_A, INFK_A, 2MF8_A, 3SWM_B, 4WUH_B, 5X2G_A, 6W64 A, 1NKP_A, 2MRU_A, 3TAB B,
4XO0P_C, 5X5L_H, 6WC2_D, INLW_D, 2MXF_A, 3U3W_B, 4X4C_C, 5XFQ_A, BWE9 A, 10DH_A,
2NQJ_A, 3UBT_A, 4XVK_A, 5XH7_A, 6Y42_B, 10WF_A, 2049 A, 3V21_E, 4Y00_B, 5XPA_A, 6Y93_B,
1P71_B, 205E_B, 3VK8_B, 4YJO_C, 5XUT_A, 6YCQ_A, 1PAR_B, 206M_B, 3VKE_B, 4YO2_A, 5XVP_E,
6Z2Y_B, 1PDN_C, 208K_A, 3W6V_A, 4YPR_A, 5Y3L_B, 7C90_A, 1PP7_U, 20EH_A, 3WAZ_A, 4759 A,
5YBB_G, 7CCD_B, 1PUE_E, 2P5L_D, 3WGI D, 4ZCF_B, 5YEJ B, 7CE1 D, 1PUF_A, 2P7C_B,
3WVG_C, 4ZMO_A, 5YI12_J, 1QNE_B, 2PE5 B, 3ZHM_A, 4ZPK_A, 5YIV_C, 1QRH_A, 2PI0_B, 3ZI5 A,
4ZQ9 B, 5YWT_A, 1QRV_A, 2PJR_A, 3ZKC_A, 4ZSF_A, 5YZY_C, 1R71_B, 2QBY_A, 3ZPL_B, 5B2T_B,
5ZAD_B, 1R8D_B, 2QBY_B, 3ZQC_A, 5B7J_A, 5ZD4_C, 1SC7_A, 2QHB_A, 3ZQL_B, 5BMZ_B, 5ZKI_B,
1SKN_P, 2QK9_A, 3ZVK_G, 5BPD_A, 5ZR1_A, 1TAU_A, 2QSG_A, 4A12_B, 5C8E_C, 5ZUX_A, 1TC3_C,
2RBF_A, 4A8S_B, 5CIZ_A, 5ZYU_B, 1TRO_A, 2UP1_A, 4AIK_A, 5CM3_A, 6A57_A, 1TW8_B, 2UYH_A,
4AWL_A, 5CQQ_A, BAMK_A, 1USB_A, 2UZK_A, 4DA4_B, 5CZZ_A, 6ASB_F, 1USR_B, 2VLA_A, 4DKJ_A,
5D39_D, 6BLW_A, 1V14_B, 2VTB_A, 4DMO0_A, 5D8K_B, 6C2S_C, 1VFC_A, 2VY2_A, 4DS4_D, 5D9Y_A,
6C31_A, 1VRR B, 2WTY_B, 4E0G_A, 5DFJ_A, 6CQ2_A, 1VTIN_C, 2XKK_C, 4ED6_A, 5DNY_B,
6DGO_A, 1WB9 A, 2XRO _E, 4EGZ B, 5DYO0_A, 6EN8_C, 1WTE_A, 2XRZ_B, 4ESJ A, 5ED4 A,
BERG_E, 1WVL_A, 2YVH_A, 4FF1_B, 5EJK_E, 6FB6_B, 1XSD_A, 2Z33_A, 4FTH_A, 5EYO_C, 6FQP_B,
1YFI_B, 2Z90_B, 4FX4_B, 5F0Q_A, 6FWS_A, 1YFL_E, 3A01_E, 4GCL_E, 5FD3_A, 6FZT_A, 1YRN_B,
3BDN_A, 4GDF_A, 5FFJ_B, 6G1L_A, 1YUI_A, 3BM3_A, 4GLE_A, 5FHD_A, 6GCF_B, 1Z1B_B, 3BS1_A,
4GZN_C, 5FMF_V, 6GTC_A, 1Z9C_A, 3CRO_R, 4H10_B, 5FMP_B, 6HP7_B,
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10. System-size for MD simulations of DNA-protein complexes

Sr. No Protein DNA Number of atoms | Number of water molecules Nurigzzr of
1 Myc wild-type Wild-type 5351 32841 34
2 Myc mutant Mutant 5341 32832 36
3 Myc wild-type Mutant 5355 32844 34
4 Myc mutant Wild-type 5337 32730 36
5 Ets1 wild-type Wild-type 2893 7872 23
6 Ets1 mutant Mutant 2896 4659 22
7 Ets1 wild-type Mutant 2893 4650 23
8 Ets1 mutant Wild-type 2896 4656 22
9 EcoRV wild-type | Wild-type 8738 10905 6
10 EcoRV mutant Mutant 8738 10905 6
11 EcoRV wild-type Mutant 8726 10905 6
12 EcoRV mutant Wild-type 8740 10905 6
13 Zif-268 wild-type | Wild-type 2202 4161 4
14 zif-268 MT1 MT1 2195 7398 3
15 zif-268 MT2 MT2 2193 7707 4
16 Zif-268 wild-type# | Wild-type 2119 4797 3
17 Zif-268 MT1 MT1 2105 3471 3
18 Zif-268 MT2 MT2 2105 3471 2
19 Zif-268 wild-type MT1 2119 3345 3
20 Zif-268 wild-type MT2 2119 3498 3
21 Zif-268 MT1 Wild-type 2081 3456 4
22 Zif-268 MT2 Wild-type 2103 4599 2

11. RMSD of wild-type and mutant proteins with DNA substrates (A).

WT and MT stand for wild-type and mutant, respectively. # indicates that the models of

these proteins were used instead of the crystal structure. The p-value in the last column is
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obtained through one-way ANOVA test with respect to the wild-type DNA-protein crystal

structure. The values in bold represent the lowest RMSD for each protein.

Sr. No Protein DNA Run 1 Run 2 Run 3 Average p-value
1 Zif-268 WT WT | 123+4/-03 | 1.99+-08 | 1.91+/-0.6 | 1.71 +/-0.7 -
2 Zif-268 MT1 MT1 | 2.54+4/-0.7 | 3.34+/-09 | 272+/-0.9 | 287 +/-0.9 | <0.00001
3 Zif-268 MT2 | MT2 | 2.03 +/-0.6 3.5+4/-0.7 348 +/-1.3 | 3.01+/-1.1 | <0.00001
4 Zif-268 WT#* | WT | 1.18+/-0.3 | 1.89+/-0.7 | 1.61+/-05 | 1.55+/-0.6 0.065
5 Zif-268 MT1# | MT1 | 1.15+/-0.3 | 1.34+/-05 | 1.16+/-0.3 | 1.22+/-0.4 | <0.00001
6 Zif-268 MT2# | MT2 | 117 +/-0.5 | 1.10+/-0.2 | 1.21+/-0.3 | 1.16+/-0.3 | <0.00001
7 Zif-268 WT MT1 | 1.71+4-0.7 | 0.73+/-0.2 | 1.50+/-05 | 1.31+/-0.6 0.00002
8 Zif-268 WT MT2 | 1.72+/-0.7 | 1.45+/-04 | 1.12+/-04 | 1.44+/-0.6 0.01030
9 Zif-268 MT1 WT | 098+/-03 | 1.32+-0.3 | 1.16+-0.2 | 1.15+4/-0.3 | <0.00001
10 Zif-268 MT2 WT | 165+/-04 | 1.13+/-02 | 1.71+/-0.7 | 1.50+/-0.6 0.061
11 Myc WT WT | 432+/-14 | 510+/-15 | 409+/-10 | 450+/-14 -
12 Myc MT MT | 520+/-14 | 520+4/-18 | 451+/-1.8 | 4.97 +/-1.7 0.062
13 Myc WT MT | 3.13+/-13 | 6.01+-25 | 3.70+-13 | 4.28+/-2.2 0.647
14 Myc MT WT | 3.28 +/-1.1 474 +/-11 | 3.56 +/-1.1 3.86 +/- 1.6 0.004
15 Ets1 WT WT | 0.82+/-0.2 | 0.67+/-0.2 | 0.77 +/-0.2 | 0.76 +/-0.2 -
16 Ets1 MT MT | 0.81+-03 | 0.90+-0.3 | 0.89+/-0.3 | 0.87 +/-0.3 0.032
17 Ets1 WT MT | 0.82+/-02 | 0.81+-0.2 | 0.90+/-0.3 | 0.85+/-0.3 0.129
18 Ets1 MT WT | 0.80+/-0.2 | 0.88+/-0.3 1.1+4/-04 0.93 +/- 0.3 0.0001
19 EcoRV WT WT | 0.73+-0.2 | 0.80+/-0.2 | 0.71 +/-0.1 0.75 +/- 0.2 -
20 EcoRV MT MT | 0.76 +/-0.2 | 0.90+-0.2 | 0.77 +/- 0.1 0.81 +/-0.2 0.06
21 EcoRV WT MT | 0.88+/-0.2 | 0.74+/-0.1 | 0.74 +/-0.1 0.79 +/-0.2 0.43
22 EcoRV MT WT | 098+/-0.2 | 0.72+/-0.1 | 0.83+/-0.2 | 0.85+/-0.2 0.001

12. Centroid distance between wild-type and mutant DNA-protein complexes (A).

WT and MT stand for wild-type and mutant, respectively. # indicates that the models of
these proteins were used instead of the crystal structure. The p-value in the last column is

obtained through one-way ANOVA test with respect to the wild-type DNA-protein crystal
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structure. The values in bold represent the smallest centroid distance with a DNA substrate

for each protein.

Sr. No Protein DNA Run 1 Run 2 Run 3 Average p-value
1 Zif-268 WT | WT | 3.10 +/-0.3 3.65+/-06 | 245+/-0.3 3.06 +/- 0.7 -
2 Zif-268 MT1 | MT1 | 3.81 +/-0.6 258 +/-0.8 | 3.24+/-0.6 3.21 +/-0.8 0.167
3 Zif-268 MT2 | MT2 | 3.08 +/-0.5 224 +/-0.6 | 4.17 +/-0.7 3.16 +/-1.0 0.599
4 Zif-268 WT#* | WT | 3.26 +/-0.3 3.80+/-05 | 449+/-04 3.85 +/- 0.7 <0.00001
5 Zif-268 MT1# | MT1 | 2.63 +/-0.3 3.94+/-0.7 | 3.80+/-0.4 3.46 +/- 0.8 <0.00001
6 Zif-268 MT2# | MT2 | 3.15+/-0.4 4.00 +/-0.7 | 3.95+/-0.5 3.70 +/- 0.7 <0.00001
7 Zif-268 WT | MT1 | 3.11 +/-0.7 1.58 +/-0.2 | 2.95+/-0.4 2.55 +/-0.8 <0.00001
8 Zif-268 WT | MT2 | 4.52 +/-0.8 2.87 +/-0.3 | 3.41+/-04 3.60 +/- 0.9 <0.00001
9 Zif-268 MT1 | WT | 4.33+/-0.5 5.01+/-0.5 | 4.36 +/-0.3 4.57 +/- 0.5 <0.00001
10 Zif-268 MT2 | WT | 3.90 +/-0.4 3.11+/-0.3 | 3.65+/-0.6 3.55 +/- 0.6 <0.00001
11 Myc WT WT | 18.12+/-0.9 | 16.57 +/-0.8 | 1590 +/-0.7 | 16.86 +/- 1.6 -
12 Myc MT MT | 17.41+/-0.7 | 17.31+/-1.2 | 15.69+/-1.0 | 16.81 +/-1.3 0.955
13 Myc WT MT | 17.01 +/-0.7 | 18.71 +/-1.1 | 18.03+/-0.6 | 17.91 +/-1.1 | <0.00001
14 Myc MT WT | 1825+/-1.1 | 17.95+/-0.7 | 19.23 +/-0.7 | 18.48 +/-1.0 | <0.00001
15 Ets1 WT WT | 2411 +4/-15 | 2270 +/-1.2 | 22.61 +/-0.7 | 22.47 +/-1.6 -
16 Ets1 MT MT | 19.50 +/-0.3 | 21.95+/-0.4 | 19.6 +/-0.4 20.37 +/- 0.2 | <0.00001
17 Ets1 WT MT | 18.95+/-0.3 | 20.83 +/-0.6 | 20.28 +/- 0.5 | 20.02 +/-0.9 | <0.00001
18 Ets1 MT WT | 18.15+/-0.3 | 20.53 +/-0.4 | 18.68 +/-0.7 | 19.11 +/-1.1 | <0.00001
19 EcCoRVWT | WT | 9.69+/-0.2 | 11.14+4/-04 | 10.53+/-0.3 | 10.45+/-0.7 -
20 EcoRV MT MT | 10.89 +/-0.2 | 10.52 +/-0.3 | 10.01 +/-0.4 | 10.47 +/-0.5 0.97
21 EcoRV WT MT | 10.59 +/-0.3 | 10.70 +/-0.3 | 9.91 +/-0.3 10.40 +/- 0.5 0.48
22 EcCoRVMT | WT | 9.99+/-0.5 | 10.18 +/-0.3 | 9.94 +/-0.2 10.04 +/- 0.4 | <0.00001

13. Total hydrogen bonds between different wild-type and mutant DNA-protein complexes.

WT and MT stand for wild-type and mutant, respectively. # indicates that the models of
these proteins were used instead of the crystal structure. The p-value in the last column is

obtained through one-way ANOVA test with respect to the wild-type DNA-protein crystal
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structure. The values in bold represent the DNA-protein complex with the highest number

of hydrogen bonds.

Sr. No Protein DNA Run 1 Run 2 Run 3 Average p-value
1 Zif-268 WT | WT | 48.64 +/-5.2 | 36.74 +/-9.6 | 26.80 +/-6.3 | 37.39 +/- 11.5 -
2 Zif-268 MT1 | MT1 | 29.46 +/-4.2 | 45.68 +/- 7.7 | 46.34 +/-9.3 | 40.39 +/- 10.7 0.008
3 Zif-268 MT2 | MT2 | 25.50 +/-4.2 | 46.24 +/-4.3 | 43.26 +/-5.6 | 38.33 +/- 10.3 0.850
4 Zif-268 WT #* | WT | 49.36 +/-3.9 | 46.82 +/-4.6 | 41.26+/-3.6 | 45.81 +/-5.3 | <0.00001
5 Zif-268 MT1# | MT1 | 45.02 +/-5.1 | 47.42 +/-5.8 | 48.38 +/-6.5 | 46.94 +/-6.0 | <0.00001
6 Zif-268 MT2# | MT2 | 49.56 +/-4.5 | 46.70 +/-5.1 | 40.06 +/-6.3 | 45.44 +/-6.6 | <0.00001
7 Zif-268 WT | MT1 | 47.26 +/-6.5 | 47.00 +/-4.3 | 47.00 +/-4.3 | 47.09 +/-5.1 | <0.00001
8 Zif-268 WT | MT2 | 40.64 +/-5.6 | 44.96 +/-3.9 | 46.12 +/-6.0 | 43.90 +/-5.7 | <0.00001
9 Zif-268 MT1 | WT | 43.70 +/-6.1 | 43.52 +/-4.9 | 44.20 +/-5.1 | 43.80 +/-5.4 | <0.00001
10 Zif-268 MT2 | WT | 4222 +/-4.3 | 56.44 +/-4.8 | 45.02 +/-5.4 | 46.89 +/-7.8 | <0.00001
11 Myc WT WT | 48.28 +/-59 | 4640 +/-5.0 | 45.30 +/-4.9 | 46.66 +/-5.4 -
12 Myc MT MT | 31.56 +/-4.7 | 3242 +/-45 | 33.32 +/-4.2 | 3243 +/-4.5 | <0.00001
13 Myc WT MT | 38.80+/-4.3 | 36.82+/-4.5 | 43.54 +/-4.6 | 39.72 +/-5.2 | <0.00001
14 Myc MT WT | 37.36+/-53 | 44.26 +/-5.6 | 37.72+4/-5.0 | 39.75+/-6.2 | <0.00001
15 Ets1 WT WT | 26.96 +/-3.4 | 30.88 +/-3.4 | 30.92 +/-3.3 | 29.59 +/- 3.9 -
16 Ets1 MT MT | 31.62+/-4.4 | 27.76 +/-5.1 | 30.00 +/-2.9 | 29.79 +/-4.5 0.970
17 Ets1 WT MT | 3422+/-29 | 294 +/-25 | 31.36 +/-3.4 | 31.66 +/- 3.6 0.0001
18 Ets1 MT WT | 25.34 +/-3.9 | 27.58 +/-3.2 | 2474 +/-5.8 | 25.85+/-4.6 | <0.00001
19 EcoRV WT WT | 64.06+/-4.3 | 7254 +/-6.4 | 75.68 +/-5.0 | 70.06 +/-7.2 -
20 EcoRV MT MT | 63.86+/-6.5 | 74.16 +/-5.3 | 64.76 +/-7.9 | 70.93 +/-7.9 0.997
21 EcoRV WT MT | 67.18+/-6.9 | 69.4+/-4.8 | 85.54 +/-6.6 | 74.37 +/-10.6 | 0.0047
22 EcoRV MT WT | 63.44+4/-6.3 | 76.86 +/-6.0 | 65.06 +/-7.1 | 68.45+/-8.8 0.053

14. Nucleotide-specific hydrogen bonds between wild-type and mutant DNA-protein

complexes.
WT and MT stand for wild-type and mutant, respectively. # indicates that the models of
these proteins were used instead of the crystal structure. The p-value in the last column is

obtained through one-way ANOVA test with respect to the wild-type DNA-protein crystal
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structure. The values in bold represent the DNA-protein complex with the highest number

of hydrogen bonds.

Sr. No Protein DNA Run1 Run2 Run3 Average p-value
1 Zif-268 WT WT | 16.64 +/-2.0 | 11.06 +/-3.2 | 11.92 +/-2.9 | 13.21 +/-3.7 -
2 Zif-268 MT1 | MT1 | 1456 +/-1.8 | 12.96 +/-3.0 | 15.56 +/-2.4 | 14.36 +/- 2.6 0.001
3 Zif-268 MT2 | MT2 | 9.94 +/- 2.1 13.24 +/-2.6 | 1256 +/-1.5 | 11.91 +/-2.5 0.001
4 Zif-268 WT#* | WT | 17.38 +/-2.1 | 15.74 +/-1.6 | 10.30 +/-1.8 | 14.47 +/-3.5 | 0.00006
5 Zif-268 MT1# | MT1 | 1440 +/-2.1 | 16.46 +/-2.4 | 16.80 +/-2.7 | 15.89 +/-2.6 | <0.00001
6 Zif-268 MT2# | MT2 | 17.78 +/-2.2 | 17.46 +/-2.3 | 14.72 +/-2.3 | 16.65 +/-2.7 | <0.00001
7 Zif-268 WT | MT1 | 13.38 +/-2.0 | 1486 +/-1.6 | 1444 +/-1.8 | 1423 +/-1.9 0.006
8 Zif-268 WT | MT2 | 16.58 +/-1.8 | 16.48 +/-1.7 | 16.80 +/-1.9 | 16.62 +/- 1.8 | <0.00001
9 Zif-268 MT1 | WT | 1554 +/-2.4 | 1492 +/-1.6 | 13.50 +/-1.3 | 14.65+/-2.0 | 0.00005
10 Zif-268 MT2 | WT | 1274 +/-21 | 17.28 +/-1.8 | 14.74 +/-2.2 | 14.92 +/-2.7 | <0.00001
11 Myc WT WT | 7.44+/-1.6 5.80 +/-2.2 6.10 +/- 2.3 6.45 +/-2.2 -
12 Myc MT MT | 5.52 +/-2.1 5.34 +/-15 | 4.80 +/-1.6 5.22 +/-1.8 | <0.00001
13 Myc WT MT | 7.32+/-2.0 6.32 +/-1.7 8.62 +/-2.5 7.42 +/-2.3 0.0002
14 Myc MT WT | 3.72+/-23 9.36 +/-2.4 4.6 +/-1.7 5.89 +/- 3.3 0.083
15 Ets1 WT WT | 7.66 +/-0.7 748 +/-1.0 7.52 +/-0.9 7.55 +/- 3.8 -
16 Ets1 MT MT | 6.42+/-0.9 5.53 +/- 1.5 6.4 +/-1.1 6.11 +/-4.5 | <0.00001
17 Ets1 WT MT | 8.62+/-0.9 6.52 +/- 1.0 8.2 +/-1.3 7.78 +/- 3.6 0.391
18 Ets1 MT WT | 472+/-15 5.18 +/- 1.1 6.02 +/- 1.5 5.31+4/-4.6 | <0.00001
19 EcoRV WT WT | 18.64 +/-1.6 | 18.82+/-1.7 | 20.06 +/- 1.8 | 19.17 +/- 1.8 -
20 EcoRV MT MT | 19.10+/-2.2 | 21.60+/-1.5 | 17.74 +/-2.9 | 19.48 +/-2.8 0.629
21 EcoRV WT MT | 18.14 +/-3.3 | 20.02 +/-1.8 | 26.94 +/-3.4 | 21.7 +/-4.8 <0.0001
22 EcoRV MT | WT | 17.50 +/-2.1 {19.44 +/-1.4|20.12 +/-2.5| 19.02 +/-2.3 | 0.942

15. Binding affinities of wild-type and mutant proteins with DNA substrates (kcal/mol).

WT and MT stand for wild-type and mutant, respectively. # indicates that the models of
these proteins were used instead of the crystal structure. The p-value in the last column is
obtained through one-way ANOVA test with respect to the wild-type DNA-protein crystal

structure. The values in bold represent the best binding energy for each protein.
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Sr. No Protein DNA Run 1 Run 2 Run 3 Average p-value

1 Zif-268 WT | WT | -60.8 +/-9.3 -70.8 +/-8.0 -55.6 +/-9.3 | -62.4 +/-10.9 -

2 Zif-268 MT1 | MT1 | -85.3+4/-7.7 | -53.3+/-10.8 | -47.2+/-11.1 | -61.9+/-19.5 | 0.6614

3 Zif-268 MT2 | MT2 | -131.2+/-8.3 | -85.6 +/-8.9 -72.9+/-7.3 | -96.6 +/-26.4 | <0.00001
4 Zif-268 WT#* | WT | -60.9 +/-7.6 -63.6 +/- 9.4 -74.9 +/-9.4 | -66.5 +/- 10.8 | <0.00001
5 | ZzZif-268 MT1# | MT1| -48.8+/-10.0 | -78.5+/-6.2 -56.0 +/-6.9 | -61.1 +/-14.9 | 0.06000
6 | Zif-268 MT2# | MT2 | -98.9 +/- 8.1 -80.4 +/- 6.9 -57.3+/-7.6 | -78.9 +/-18.6 | <0.00001
7 Zif-268 WT | MT1 | -70.5+/-7.7 -95.3 +/- 8.4 -84.8 +/-8.1 | -83.5+/-13.0 | <0.00001
8 Zif-268 WT | MT2 | -40.2 +/-6.0 -52.9 +/- 7.1 -49.5 +/- 7.6 -47.6 +/- 8.8 | <0.00001
9 Zif-268 MT1 | WT | -49.3 +/-59 -80.1 +/-7.7 -82.6 +/-8.9 | -70.7 +/- 16.9 | <0.00001
10 Zif-268 MT2 | WT | -68.1 +/-11.6 | -108.3 +/-7.8 | -57.4+/-7.0 | -77.9 +/-23.7 | <0.00001
1 Myc WT WT | -89.9 +/-17.7 |-121.4 +/-10.8 | -111.6 +/- 10.6 | -107.6 +/- 18.8 -

12 Myc MT MT | -76.4+/-10.6 | -58.9+/-7.4 -62.5+/-9.8 | -65.9 +/-12.0 | <0.00001
13 Myc WT MT | -944+/-7.8 -70.2 +/-6.7 | -85.3+4/-10.0 | -83.3 +/-13.0 | <0.00001
14 Myc MT WT | -495+/-9.3 | -99.6 +/-14.2 | -97.7 +/-9.7 | -82.3 +/-25.8 | <0.00001
15 Ets1 WT WT | -60.5+/-4.9 -71.5 +/- 6.9 -75.5 +/-7.8 -69.2 +/- 9.2 -

16 Ets1 MT MT | -75.5+/-8.6 -53.5 +/- 6.5 -69.5+/-71 | -66.2 +/-11.9 | <0.00001
17 Ets1 WT MT | -93.7 +/-6.2 -59.8 +/- 7.2 -67.6 +/-9.0 | -73.7 +/-16.4 | <0.00001
18 Ets1 MT WT | -72.4 +/-7.1 -65.7 +/- 8.2 -49.9 +/-59 | -62.7 +/- 11.8 | <0.00001
19 EcoRVWT | WT | -97.7 +/-12.0 | -140.8 +/- 12.0 | -129.0 +/- 14.9 | -122.5 +/- 22.4 -

20 EcoRV MT | MT | -103.2 +/-13.6 | -123.4 +/-11.1 | -83.6 +/- 12.2 | -103.4 +/- 20.4 | <0.00001
21 EcCoRVWT | MT | -112.8 +/- 11.7 | -109.9 +/- 14.6 | -148.5 +/- 14.7 | -123.7 +/- 22.3 | 0.24288
22 EcoRVMT | WT | -945+/-93 |-1355+/-10.6 | -83.3+/-9.4 |-104.4 +/-24.5|<0.00001

16. Total energy of the Zif-268 wild-type protein with wild-type DNA.

The x-axis is the time in ns and y-axis is the energy in kcal/mol. The three runs are shown

in blue, orange and yellow.
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17. Temperature of the system with Zif-268 wild-type DNA-protein complex.

The x-axis is the time in ns and y-axis is the temperature in K. The three runs are shown in

blue, orange and yellow.
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18. Retention of hydrogen bonds present in the crystal structure of the proteins.

The values are average of all hydrogen bonds and the maximum value is 50 (Number of
frames). WT and MT stand for wild-type and mutant, respectively. # indicates that the
models of these proteins were used instead of the crystal structure. The p-value in the last
column is obtained through one-way ANOVA test with respect to the wild-type DNA-protein

crystal structure. The values in bold represent the best binding energy for each protein.

Sr. No Protein DNA Run1 Run2 Run3 Average P-value
1 Zif-268 WT WT | 40.1+/-13.0 | 22.8 +/-19.1 | 29.1 +/-18.3 | 30.6 +/- 18.1 -
2 Zif-268 MT1 | MT1 | 31.8 +/-18.7 | 25.1 +/-17.5 | 30.4 +/-17.8 | 29.1 +/-18.3 0.99
3 Zif-268 MT2 | MT2 | 28.9+/-216 | 34.9+/-18.0 | 304 +/-22.2 | 31.3 +/-20.3 0.99
4 Zif-268 WT# | WT | 358+/-16.7 | 32.9+/-18.8 | 22.7 +/-23.0 | 30.5 +/-20.1 0.99
5 Zif-268 MT1# | MT1 | 32.1 +/-17.5 | 40.0+/-143 | 35.7+/-17.7 | 35.9 +/-16.5 0.42
6 Zif-268 MT2# | MT2 | 43.4 +/-9.6 435+/-104 | 39.6 +/-13.3 | 43.5+/-11.1 0.06
7 Zif-268 WT MT1 | 25.1+4/-21.7 | 299 +/-22.0 | 259+/-21.4 | 26.9 +/-21.4 0.88
8 Zif-268 WT MT2 | 32.6 +/-18.3 | 34.6 +/-20.0 | 35.1 +/-17.6 | 33.2 +/-18.3 0.9
9 Zif-268 MT1 WT | 357 +/-18.1 | 36.4+/-16.8 | 33.9+/-19.6 | 353 +/-17.8 0.57
10 Zif-268 MT2 WT | 342+/-18.0 | 37.6 +/-17.0 | 40.7 +/-14.1 | 37.5+/-16.3 0.15
1 Myc WT WT | 221+/-19.4 | 214 +/-18.8 | 222 +/-17.3 | 21.9+/-17.9 -
12 Myc MT MT | 13.1+/-185 | 10.2+/-13.1 | 16.4 +/-15.3 | 13.2+/-154 0.17
13 Myc WT MT | 26.8+4/-19.1 | 242 +/-16.9 | 27.7 +/-17.7 | 26.2+/-17.4 0.73
14 Myc MT WT | 99+/-144 12.0 +/-15.8 | 124 +/-14.8 | 11.4+/-145 0.07
15 Ets1 WT WT | 423+/-17.8 | 436 +/-12.6 | 456 +/-9.6 | 43.8 +/-13.1 -
16 Ets1 MT MT | 29.6 +/-20.8 | 17.1 +/-20.1 | 16.3+/-21.0 | 21.0 +/-20.5 | 0.00008
17 Ets1 WT MT | 43.3+/-9.2 36.6 +/-18.7 | 44.0+/-12.8 | 41.3 +/-13.8 0.96
18 Ets1 MT WT | 25.0+/-20.6 | 28.1 +/-225 | 24.0+/-20.0 | 25.7 +/-20.0 | 0.004
19 EcoRV WT WT | 342+/-19.8 | 36.7 +/-14.4 | 37.1+/-16.3 | 36.0 +/-16.7 -
20 EcoRV MT MT | 323+4/-17.2 | 32.7+/-19.6 | 24.3 +/-18.3 | 29.7 +/-18.5 0.74
21 EcoRV WT MT | 26.6+/-18.8 | 344 +/-18.2 | 404 +/-15.5 | 32.2 +/-19.6 0.99
22 EcoRV MT WT | 28.3+/-19.7 | 345+/-16.9 | 31.6 +/-141 | 31.4+/-17.0 0.96

19. Distance of N and O atoms with DNA in the PDNA-285 datasets

Distance | Frequency | Frequency (%)

0.0 0 0.0
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0.5 2 0.0
1.0 19 0.2
1.5 83 0.8
2.0 223 2.1
2.5 500 4.7
3.0 1455 13.7
3.5 2842 26.7
4.0 5521 51.9

20. Accuracy of prediction of amino acid specific for a sequence after three-fold cross-

validation.
Training Testing
Amino Acid Top1 Top2 Top3 Top1 Top2 Top3
Cc 0+/-0 0+/-0 0+/-0 0+/-0 0+/-0 0+/-0
DE 20+/- 6.5 75.0+/-4.6 81.8+/-3. 20.2+/-92 | 79.5+/-14.6 | 79.8+/-14.7
H 3.4+/-5.9 16.0+/-4.9 | 56.0+/-5.7 0+/-0 25.5+/-22.1 | 52.3+/-8.3
K 5.7+/-1.8 67.0+/-1.0 | 87.1+/-2.7 3.6+/-3.1 73.5+/-3.2 | 90.5+/-3.2
NQ 37.0+/-74 | 70.8+/-3.9 82.9+/-07 34.1+/-3.1 63.8+/-9.0 | 75.6+/-106
R 84.3+/-3.3 | 90.5+/-22 | 92.0+/-1.3 | 82.5+/-3.7 | 88.4+/-3.2 | 88.9+/-2/7
ST 10.2+/-2.9 | 51.5+/-2.8 | 78.5+/-0.4 16.0+/-9.3 | 58.5+/-7.9 | 79.8+/-3.6
W 0+/-0 0+/-0 0+/-0 0+/-0 0+/-0 0+/-0
Y 26.1+/-5.3 | 46.9+/-8.9 | 69.2+/-1.4 | 27.8+/-25.5 | 47.8+/-13.5 | 61.7+/-12.6
Mc 48.9+/-9.0 | 72.2+/-1.7 | 85.1+/-3.3 | 41.2+/-15.6 | 70.5+/-5.5 | 85.0+/-2.6

21. Comparison of intra and intermoleclar potential energy

ﬁg Protein DNA Intermolecular Energy Intramolecular Energy
1 Zif-268 WT WT -62.4 +/-10.9 -3820.78 +/- 45.4
2 | Zif-268 MT1 MT1 -61.9 +/- 19.5 -3579.79 +/- 32.0
3 | Zif-268 MT2 MT2 -96.6 +/- 26.4 -3432.16 +/- 39.7
4 | Zif-268 WT * WT -66.5 +/- 10.8 -3581.17 +/- 33.3
5 | Zif-268 MT1*# MT1 -61.1 +/- 14.9 -3316.04 +/- 40.0
6 | Zif-268 MT2* MT2 -78.9 +/- 18.6 -3217.29 +/-29.2
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7 Zif-268 WT MT1 -83.5 +/- 13.0 -3582.31 +/- 36.6
8 Zif-268 WT MT2 -47.6 +/- 8.8 -3577.32 +/- 31.9
9 | Zif-268 MT1 WT -70.7 +/- 16.9 -3086.26 +/- 32.8
10 | Zif-268 MT2 WT -77.9 +/- 23.7 -3188.07 +/- 34.8
11 Myc WT WT -107.6 +/- 18.8 -6777.41 +/- 50.9
12 Myc MT MT -65.9 +/- 12.0 -6364.50 +/- 49.7
13 Myc WT MT -83.3 +/- 13.0 -6765.37 +/- 54.5
14 Myc MT WT -82.3 +/- 25.8 -6373.51 +/- 52.5
15 Ets1 WT WT -69.2 +/- 9.2 -1909.67 +/- 32.3
16 Ets1 MT MT -66.2 +/- 11.9 -2152.48 +/- 34.1
17 Ets1 WT MT -73.7 +/-16.4 -1895.81 +/- 32.7
18 Ets1 MT WT -62.7 +/-11.8 -2151.14 +/- 33.1
19 | EcoRV WT WT -122.5 +/- 22.4 -8383.87 +/- 69.7
20 EcoRV MT MT -103.4 +/-20.4 -8482.77 +/- 68.7
21 EcoRV WT MT -123.7 +/-22.3 -8397.09 +/- 67.2
22 EcoRV MT WT -104.4 +/- 24.5 -8485.94 +/- 70.7

The Zinc finger MT2 protein with its cognate substrate had the highest binding energy. The
intramolecular potential energy of the proteins was highest for the wild-type protein. Thus
the binding to DNA and intermolecular potential energy determines the overall affinity of
the complex.

For Ets1, the best binding energy was obtained for Ets1 wild-type protein with
mutant DNA. While when we look at the protein potential energies, they are invariant for
the protein regardless of the substrate used. However, the mutant had slightly more
potential energy than the wild-type protein.

For Myc protein, the wild-type protein with the wild-type DNA had the largest binding
energy. This is also reflected in the protein potential energy. The potential energy of the
wild-type proteins is better than that of the mutant proteins.

EcoRV wild-type protein with wild-type DNA had the best intermolecular binding
energy. However, the intramolecular potential energy was similar for all DNA-protein

complexes.
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