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Abstract

The increasing number of protein structures with uncharacterized function necessitates the development of
in silico prediction methods for functional annotations on proteins. In this chapter, different kinds of
computational approaches are briefly introduced to predict DNA-binding residues on surface of
DNA-binding proteins, and the merits and limitations of these methods are mainly discussed. This chapter
focuses on the structure-based approaches and mainly discusses the framework of machine learning
methods in application to DNA-binding prediction task.
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1 Introduction

Protein-DNA interactions play vital roles in various biological activ-
ities such as gene regulation, transcription, DNA repair, and DNA
packaging. It has been estimated that DNA-binding proteins rep-
resent 2–3% and 6–7% of all proteins encoded in prokaryotic and
eukaryotic genomes, respectively [1–3]. As of early May 2017, a
total of 3915 protein-DNA complex structures have already been
deposited in the PDB (http://www.rcsb.org/). Due to the impor-
tant role of DNA-binding proteins, a variety of computational
approaches have been proposed for prediction of DNA-binding
function from protein sequences or structures in the past decades.
The first category of methods utilizes a comparative approach to
infer protein function by global/local sequence or structural simi-
larity [4–7]. While sequence comparison methods are powerful and
widely adopted for function inference, structure comparison meth-
ods are more sensitive to detect remote homologs with low or no
sequence similarity. However, significant sequence or structural
similarity does not necessarily dictate identical function, since
many proteins have functional divergence during the course of
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evolution [8]. The second category of methods employs various
machine learning techniques such as logistic regression, neural
network, and support vector machines to train classification models
with physicochemical, evolutionary, electrostatic, and structural
features to distinguish DNA-binding proteins from other proteins
[9–11]. If a protein is identified as DNA-binding protein, we will
further develop the methods to detect which are DNA-binding
residues on the given protein. The computational methods for
prediction of DNA-binding residues can be categorized into two
groups: (1) methods based on sequences and (2) methods based on
structures. The first group of methods includes the sequence com-
parison methods and machine learning methods based on
sequence-derived features. The sequence-based methods have the
wide scope of application, since they require only sequence infor-
mation as query input, rather than structures which have not been
experimentally determined for most of the proteins encoded by
genomes. However, these sequence-based predictors have at least
two major limitations. One problem with sequence-based predic-
tors is that amino acids that are sequential neighbors are not neces-
sarily close in space to confer DNA-binding function. The other
problem is that sequence information provides few clues to the
interaction sites and is not sufficient for accurate prediction of
DNA-binding residues. In fact, the information derived from pro-
tein structures is helpful for predicting DNA-binding function. In
recent years, an increasing number of protein with unknown func-
tion are solved due to the efforts of structural genomics projects.
Functional annotations of these targets are particularly challenging
since many targets in structural genomics have low sequence iden-
tity to the proteins with known function. Therefore, it is urgent to
develop computational approaches that utilize not only sequence
but also structural information for function prediction. Since pro-
teins always interact with other proteins or DNA/RNA molecules
through their surface, we will focus on the review of computational
approaches for prediction of DNA-binding residues on protein
surface on the assumption that the given protein structure interacts
with DNA.

2 Definition of Surface and DNA-Binding Residues

For any prediction model, the first step is to construct a reliable or
benchmark data set of DNA-binding residues and nonbinding
residues on the representative set of DNA-binding protein chains.
It is relatively straightforward to determine DNA-binding residues
if the three-dimensional (3D) structure of a protein-DNA complex
is already solved. A residue is taken as a surface residue if its solvent-
accessible surface area (SASA) is at least 10% of maximum values in
a tripeptide state. The SASA of residues were calculated in each
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protein multimer in the absence of DNA. A surface residue is
labeled as a binding residue if it satisfies one of the three definition
approaches as follows. The most frequently used method to assign
DNA-binding residues is based on a minimum distance cutoff of
atoms between amino acids in a protein and nucleotides in DNA.
However, different distance cutoffs lead to accuracy variations,
while a single cutoff biases certain prediction programs
[12]. Most studies used a cutoff distance (i.e., 3.5–6 Å) between
atoms of amino acids and nucleotides to assign DNA-binding
residues on proteins. The second approach to assign binding resi-
dues is based on the difference of the solvent-accessible surface
areas when the structure of DNA-binding protein transforms
from the isolated (the protein without DNA present) to the com-
plexed state (the protein with DNA present). The third definition is
based on the scoring function using AMBER potential to calculate
the interaction free-energy between atoms in protein and DNA
molecules [13]. The residues with the energy score less than
�1 kcal/mol are identified as DNA-binding residues. The scoring
function-based approach can quantitatively measure the interaction
strength, in comparison to the distance-based approach in which
the residue-nucleotide pairs with different distances have been
treated in the same manner.

3 Structure-Based Methods for Prediction of DNA-Binding Residues

For prediction of DNA-binding residues, the structure-based
methods can be categorized into three main types. The first type
is the template-based methods based on the structural alignment
[4, 14] or dynamic alignment [15]. The second type is based on the
physical principles that ultimately govern protein-DNA interac-
tions, such as knowledge-based [5] and docking-based methods
[16]. The third type is feature-based methods using various
machine learning technologies, which are elaborated in detail in
the next section.

4 Machine Learning Methods for Prediction of DNA-Binding Residues Using
Structure-Based Features

4.1 Representation

of Environment of

DNA-Binding Residues

As an input vector for training or testing by machine learning
technologies, the sample of DNA-binding residue is commonly
represented by the properties of the target residue and its neighbor
residues to include the environmental information of the target
residue. Similar to the sequence window used by sequence-based
methods, structure-based methods utilize different types of struc-
tural windows or patches to incorporate the neighbor information
of the target residue in 3D space. The common type of spatial
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window or patch is constructed as follows: for each surface residue,
its distances by their alpha C atoms with all other surface residues in
the same protein chain are calculated and sorted in ascending order,
and then the L spatially nearest surface residues constitute a surface
patch/window for including the environmental information. The
size of the surface patch is a parameter to be optimized in the
training stage. A topological patch or window is similarly defined
by the n vertices with the smallest geodesic distances (shortest
paths) to the center vertex. In this case, protein structures are recast
as topological graphs based on protein residue contact maps, where
each vertex of the graph represents the alpha C atom of an amino
acid and edges connect vertices within a distance cutoff of 8 Å
[17, 18].

4.2 Structure-Based

Features of

DNA-Binding Residues

For an effective classification model, the selected features should be
highly related to the class of DNA-binding residues and have
discrimination power to distinguish DNA-binding residues from
nonbinding residues on surface of DNA-binding residues. A large
number of studies have identified various sequence features
[19–34], such as amino acid composition, physiochemical proper-
ties, and predicted structure features, and evolutionary features
based on position-specific score matrix (PSSM) generated by PSI--
BLAST [35]. However, sequence-based features and evolutionary
features are not sufficient for prediction of DNA-binding residues,
since the functions of proteins are more directly affected by their
structural features. Thus, an increasing number of prediction meth-
ods have incorporated structural features, such as secondary struc-
ture, solvent-accessible surface area, spatial neighbors, B-factor, the
empirical preference of electrostatic potential [36–39], and the
shape of molecular surfaces [40–42].

4.2.1 Relative Solvent

Accessibility (RSA)

Relative solvent accessibility of a residue was calculated as the ratio
of its SASA to the nominal maximum area of its residue type in a
tripeptide state. The results in previous studies show that positively
charged residues Arg and Lys were more exposed in the binding
group than in the nonbinding group, giving resultant more binding
propensity, whereas for negatively charged residues Asp and Glu, it
was opposite [43, 44].

4.2.2 B-Factor B-factors are highly related to the flexibility of atoms and residues in
a protein and are determined by X-ray crystallographic experi-
ments. B-factor of alpha C atom was used to represent its residue
flexibility and obtained from its PDB file. For each protein chain,
the B-factor of each alpha C atom was normalized as follows:

NB ¼ B � μ Bð Þ
σ Bð Þ ð1Þ

where B is the B-factor value of a given residue and μ(B) and
σ(B) are the average value and the standard deviation of the
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B-factors for the selected chain, respectively. In our previous
studies, the average values of the B-factors of 20 types of residues
in DNA-binding group were also significantly lower than the non-
binding group. This result can be explained by the fact that the
atoms of DNA-binding residues are less exposed to solvent and
experience less fluctuation, resulting in relatively lower B-factors.
Generally, the B-factor is a distinguished feature to characterize the
binding residues of biological macromolecules in their bound
states. However, the B-factors of binding residues in apoproteins
(without DNA present) were ranging from relatively lower values
(rigidity) to higher values (flexibility), which suggests that the
binding sites have dual character about mobility.

4.2.3 Betweenness

Centrality

Protein structures are recast as topological graphs based on protein
residue contact maps, where each vertex of the graph represents the
alpha C atom of an amino acid and edges connect vertices within a
distance cutoff of 8 Å. Once the graph is constructed, a variety of
topological metrics can be used to describe functional residues.

Betweenness centrality (BC) measures how frequently a vertex
occurs on the shortest path between all other vertex pairs within the
contact graph (undirected graph) of a protein chain of length n.
Since the chains vary in length, the measure is normalized by
dividing through the number of pairs of vertices not including v,
which is (n � 1)(n � 2)/2.

BC vð Þ ¼ 2

n � 1ð Þ n � 2ð Þ
X

s 6¼v 6¼t∈V

σst vð Þ
σst

ð2Þ

where V is the set of vertices, σst is the number of shortest paths
from s to t, and σst(v) is the number of shortest paths from s to t that
pass through vertex v.

The weighted average betweenness centrality for a surface
patch was calculated from the betweenness centrality values of
component residues, weighted by the weighting factor wi of
residue i:

WBC ¼
XL

i¼1

wi � BC ið Þ ð3Þ

Our previous study found that residues located at protein-
DNA interfaces exhibit the central role in the protein network
with high betweenness centrality [18]. The predictive power of
betweenness centrality was low (PR-AUC 0.208) for individual
residues but was high (PR-AUC 0.228) when averaged over a
patch of neighboring residues. This may suggest that a set of
residues with higher betweenness centralities form a community
so as to play an important role in protein-DNA interaction. It was
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indicated that DNA-binding residues are distinguishable from the
nonbinding residues on protein surfaces by their higher weighted
average betweenness centrality.

4.2.4 Electrostatic

Potential

Electrostatic complementarity is shown to be important for
protein-DNA interaction. DNA-binding sites have a large overlap
with the surface patches which have the largest positive electrostatic
potential [39, 45]. PBEQ-Solver can be used to calculate electro-
static potential of all atoms in a protein [36].

Protein surface was placed on a cubic grid. For each atom, the
electrostatic potential of nearby grid points was averaged to con-
struct an electrostatic feature at an atom-scale. The electrostatic
potential values of grid points between the van der Waals and
solvent-accessible surfaces were averaged, using a solvent probe at
the radius of 1.4 Å. For each atom, values for the electrostatic
potential at grid points were averaged at grid points outside the
van der Waals surface of the given protein but within a distance that
is the sum of the atom radius and the solvent radius. Three addi-
tional groups of features were derived by moving the shell slightly
outward, by radius offsets 0.1 Å, 0.3 Å, and 0.5 Å. Note that the
region of the shell maintains a width of 1.4 Å regardless of the size
of the offset, but the regions move farther away from the van der
Waals surface as the offset is varied. Mathematically, this is equiva-
lent to adding the offset value to the radius of all the atoms and
repeating the previous calculation described for the van der Waals
and solvent-accessible surfaces. Figure 1 illustrates the details of this
calculation of electrostatic feature at the atom-level.

Next, the local sums and averages of the residue-level electro-
static features were derived in the neighborhood of the target
residue. More details can be found at [36].

4.3 Classification

Algorithms

To our best knowledge, classification algorithms are mainly cate-
gorized into three classes: decision tree-based, artificial
intelligence-based, and statistics-based methods. Decision tree
algorithms provide an intuitive way for classifying a new sample
based on a set of simple and easily interpretable rules. The artificial
intelligence-based classification methods include the artificial neu-
ral network [46], deep learning algorithms, and evolutionary algo-
rithms [47], which can be further classified into the genetic
algorithm and swarm algorithm. The statistics-based methods
include various algorithms such as support vector machine
[48, 49], random forest [50], stochastic gradient boosting algo-
rithm [51], and Bayesian classifier [52]. These diverse classification
methods have already been explored to the prediction of
DNA-binding residues on DNA-binding proteins. The compre-
hensive overview of the characteristics and specific application of
these classification algorithms is out of scope of this review.
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4.4 Model Validation

and Evaluation

When a prediction model is constructed by one type of classification
algorithms, it requires a benchmark data set to validate and evaluate
how the model works. The benchmark data set consists of well-
labeled samples, which are divided into a training set and testing
set. To evaluate the performance of classification models, the vali-
dation methods are mainly consisting of k-fold cross-validation,
leave-one-out cross-validation, and independent tests. In k-fold
cross-validation, the sample set is randomly partitioned into
k subsets with equal size. Of the k subsets, one subset is selected
as the validation data for testing the model, and the remaining k� 1
subsets are used as training data. The cross-validation process is
then repeated k times (the folds), with each of the k subsets used
exactly once as the validation data. The results from k folds are
finally averaged to generate a single estimation metric. Leave-one-

Fig. 1 The illustration of calculation of the atom-level electrostatic feature within a shell offset 0.5 Å from the
van der Waals surface. The grid on which the electrostatic potential is calculated is shown relative to the
molecule, shown in dark gray, and the atom at which the feature is calculated is marked using a black dot.
Electrostatic potential values at grid points within the light gray annular region are those averaged to generate
the feature for this atom. Grid points inside the 0.5 Å offset surface are excluded from the calculation. The light
gray annular region is 1.4 Å in width regardless of the offset used to define the shell. The figure is extracted
from [36]
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out cross-validation (LOOCV) involves using a single instance
(or sample) from the sample set as the validation data and the
remaining instances as the training data. This is repeated such that
each instance in the sample set is used once as the validation data.
This is the same as a k-fold cross-validation with k being equal to the
number of instances in the original sample set. Leave-one-out
cross-validation is computationally expensive when the number of
samples in the training set is too large. In the task of prediction of
DNA-binding residues, the instance or sample can be a residue or
protein chain in the leave-one-out cross-validation. In order to test
the model in an unseen sample set, an independent test is usually
adopted and conducted on a separate set which is independent of
the training set. This type of test resembles a true prediction and
reflects the generalization ability of a prediction model.

In order to assess the classification performance, various
threshold-dependent metrics are utilized and defined as follows.
They are accuracy (ACC), sensitivity (SN, also called recall), speci-
ficity (SP), precision (PR), Matthew’s correlation coefficient
(MCC), and F-measure (F1). These metrics are calculated using
the numbers of true positives (TP), false positives (FP), true nega-
tives (TN) , and false negatives (FN) for each classifier. Their
equations are defined in Table 1.

TP is the number of correctly predicted DNA-binding residues,
TN is the number of correctly predicted nonbinding residues, FP is
the number of nonbinding residues predicted as binding residues,
and FN is the number of binding residues wrongly predicted as
nonbinding.

The receiver operating characteristic (ROC) curve is a plot of
the sensitivity versus (1-specificity) for a binary classifier at varying
thresholds. The area under the curve (AUC) can be used as a
threshold-independent measure of classification performance. It is
a nontrivial task to assess the quality of prediction for heavily
unbalanced data sets. On the unbalanced data sets, the accuracy
and AUC of ROC curve can present overly optimistic assessments

Table 1
A list of common metrics and their equations

Metric Equation

ACC (TP + TN)/(TP + TN + FP + FN)

SN TP/(TP + FN)

SP TN/(TN + FP)

PR TP/(TP + FP)

MCC TP� TN� FP� FNð Þ= ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TPþ FNð Þ � TPþ FPð Þ � TNþ FPð Þ � TNþ FNð Þp

F1 2 � SN � PR/(SN + PR)
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of performance of an algorithm. Instead, the precision-recall (PR)
curve is a plot of the recall versus precision for a binary classifier at
varying thresholds.

4.5 Web Servers To establish a useful structure-based predictor for a biological
system, it is usual to develop a user-friendly web server for the
predictor that is accessible to the public. Table 2 briefly presents a
summary of publicly available methods that predict DNA-binding
residues using structure-based features of DNA-binding proteins.
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