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studying protein diffusion
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Understanding the molecular mechanism and the fast kinetics of DNA target site
recognition by a protein is essential to decipher genetic activity in the cell. The
speed of searching DNA may depend on the structural complexity of the pro-
teins and the DNA molecules as well as the cellular environment. Coarse-
grained (CG) molecular dynamics simulations are powerful means to investigate
the molecular details of the search performed by protein to locate the target sites.
Recent studies showed how different proteins scan DNA and how the search effi-
ciency can be enhanced and regulated by the protein properties. In this review,
we discuss computational approaches to study the physical chemistry of DNA
search processes using CG molecular dynamics simulations and their advantage
in covering long time-scale biomolecular processes. © 2016 John Wiley & Sons, Ltd
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INTRODUCTION

How DNA binding proteins (DBPs) search and
specifically bind to their target sites on DNA is

the crux to unravel many complex cellular regulatory
processes, such as repression, transcription, replica-
tion, and the repair of damaged DNA.1–3 The search
mechanism operates in an extremely crowded cellular
environment containing bound protein obstacles that
must be by-passed. Furthermore, a genomic land-
scape contains vast numbers of nonspecific genomic
sequences that share partial or complete sequence
similarity with the target site and that may therefore
misguide the DBPs into binding at an incorrect loca-
tion. Experiments, however, suggest that DBPs typi-
cally circumvent all the obstacles and locate their
target sites, which are often known as cognate sites,
with remarkable efficiency and accuracy. However,

the biophysics behind the facilitated target search
mechanism of DBPs remains the subject of keen
interest.

Recent advancements in experimental techni-
ques and theoretical modeling suggest that DBPs
adopt a facilitated diffusion mechanism during their
target search. According to this mechanism, DBPs
lower the dimension of the search space by perform-
ing fast 1D sliding and 2D hopping dynamics along
the DNA contour in addition to slow 3D
diffusion.4–8 This mechanism has been examined
indirectly by investigating DNA cleavage using DNA
repair enzymes in bulk assays and monitoring their
inter-site processivity.9–13 However, with the advent
of nuclear magnetic resonance (NMR) spectroscopy
and single-molecule techniques, it has become feasi-
ble to visualize the 1D diffusion of a protein along
DNA.14–18 For example, in a series of NMR experi-
ments, Clore and coworkers19–21 have demonstrated
that, during sliding, proteins perform a spiral motion
along the major DNA groove while interacting non-
specifically with it via electrostatic attractions
between commonly occurring positively charged
patches on the DBPs and the negatively charged
backbone of the DNA. Other modes of protein trans-
location on the genomic DNA have also been
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suggested, including rapid intermolecular jumps
(hopping) and intersegmental transfer.22,23

Bulk experimental techniques that measure the
observables as the average of an ensemble of many
rapidly exchanging states can be supplemented by
single-molecule experiment that can elucidate the indi-
vidual interactions between protein and DNA. Not-
withstanding this wealth of information, obtaining
complete microscopic and mechanistic understanding
is limited. Achieving this goal necessitates the develop-
ment of an in silico approach for studying protein–
DNA interactions. Using this approach, transcription
factor binding and sliding were studied recently using
all-atom computer simulations.24,25 An in silico study
of the interactions between DNA and the sex deter-
mining region Y (SRY) protein found that the DNA
molecule switches its conformation upon associating
with the SRY protein.26 Although atomistic simula-
tions can provide a complete structural description of
the system of interest and capture hidden steps in a
complex cellular process, they typically require gigan-
tic computational efforts. The associated computa-
tional cost increases exponentially with the size of the
system and, consequently, long time-scale investiga-
tions, such as the diffusion of DBPs on genomic DNA,
are rather difficult to achieve. A way to enhance the
efficiency of the atomistic simulations is to perform
umbrella-sampling simulations along a predefined
reaction coordinate of the protein sliding (e.g., the
major groove track).24,25 Coarse-grained (CG) models
are a means to solving this problem.27,28 In CG mod-
eling, less-essential atomic details are ignored to
develop a model that effectively captures the biophys-
ics of biomolecules while imposing reasonable com-
puting demands. CG approaches are tailored to
address certain types of questions to the exclusion of
others and, therefore, their power is restricted to the
question at hand. This approach has seen a tremen-
dous amount of success in probing the search dynam-
ics and interaction kinetics of DBPs. For example,
rotation-coupled sliding dynamics has been experi-
enced through a CG computational study.29 Other in
silico studies using similar CG models have provided
many other important insights regarding protein–
DNA interactions. For example, in silico studies have
shed light on how the DNA search mechanism is
affected in dimeric and monomeric proteins, in the
presence or absence of the disordered tails associated
with DBPs, by changing the electrostatic properties of
the protein interface and frustration in protein–DNA
binding, and by the presence of crowder molecules on
genomic DNA.29–44

In this perspective, we discuss the development
of CG models and their application to studying

nonspecific protein–DNA interactions. The first part
of the review presents a comparative study of differ-
ent CG models to demonstrate how using slightly dif-
ferent models may alter the kinetics and dynamics of
the protein target search mechanism and, therefore,
utmost care should be taken while developing CG
models. The second part of the review demonstrates
how a simple CG model can be used to understand
the role of DNA conformations in the search dynam-
ics of DBPs, and hence provides otherwise hard-to-
obtain insights into a complex bio-system. This arti-
cle reviews some previously published data on CG
modeling of protein diffusion along DNA as well as
additional analysis in which the parameter space of
the CG model is further explored.

METHODS FOR DEVELOPING
COARSE-GRAIN (CG) MAPS OF
PROTEIN AND DNA INTERACTIONS

One of the major challenges in transforming an
atomically detailed system into a CG representation
is to capture the key features of the system of interest
while eliminating the atomic details that are of less
importance to the specific question to be addressed.
The most commonly employed technique for achiev-
ing this outcome is ‘system mapping’, in which a
group of atoms are represented by a single pseudo
atom (a bead) located at the center of mass of the
corresponding groups, such that the pseudo super
atom describes the chemical identity of the group it
represents. Imaginary bonds are then constructed
between the beads to describe the overall conforma-
tion. The success of such mapping is evaluated in
terms of its efficiency, accuracy, and transferability.
The fewer the number of pseudo atoms in a CG
model, the greater the efficiency of the simulation
because of the smaller number of degrees of freedom
(proportional to N) and especially, because having a
smaller number of pseudo atoms reduces the number
of pairwise interactions (proportional to N2). (This
argument is still valid even when comparing to atom-
istic simulations where mostly pairwise interactions
between neighboring atoms are considered because
the number of pairwise interactions in the CG models
will be lower.) In contrast, higher number of beads in
the model typically corresponds to more accurate
representation of the system.

Here, we adopted a CG model (similar to that
used in the pioneering studies of Levitt and War-
shel45,46 to represent protein conformations) in which
a single bead represents an amino acid. The model
shares the ‘teleological’ assumption that the strength

Advanced Review wires.wiley.com/compmolsci

516 © 2016 John Wiley & Sons, Ltd Volume 6, September/October 2016



of non-bonded interactions between protein residues
is dictated by the folded three-dimensional structure
(native interactions) of a protein47–53 whereas non-
native interactions (which are purely repulsive in
nature) make a negligible contribution to describing
the excluded volume effects. The local geometry of
the reference structure is maintained by restricting
the harmonic bond and the angular and dihedral
potentials. Such native-centric models provide an
idealized ‘funnel’-like energy landscape for folding in
which the energetic frustrations because of non-
native interactions are absent. Despite this simplicity,
such models enjoy many successes. They are able to
describe the conformational transitions between mul-
tiple structures,54–56 address the effects of denatur-
ants and osmolytes,57–59 and explain experimentally
determined data regarding the free energies of muta-
tion.60 They are also used successfully to model con-
formational transitions in biomolecular complexes,61

investigate the effects of confinement and crowding
upon folding,62,63 and even to study the remarkable
mechanism by which intrinsically disordered proteins
couple their folding to ligand binding.64,65

COARSE-GRAINED SIMULATIONS
OF NONSPECIFIC PROTEIN–DNA
INTERACTIONS

To explore the mechanism of protein translocation
along DNA, we performed Langevin dynamics simu-
lations with sufficiently small time steps and with the
friction coefficient γ set to 0.01 (proportional to
velocity of the residue). The choice of time step is
such that the error caused by discretization of the
equations of motion is small and the correct ensem-
ble is sampled.66 Furthermore, the model has to
include random noise in order to incorporate molecu-
lar fluctuation due to the solvent and to the random
walk motion of the proteins during sliding.

The nonspecific interactions between protein
and DNA molecules were modeled by electrostatic
energy (Uel) and by excluded volume (Uev). The
major component of the nonspecific interactions
between protein and DNA molecules is the electro-
static forces between the charged amino acids [Arg,
Lys (negatively charged); Asp, and Glu (positively
charged)] and the negatively charged DNA phosphate
groups. We employed the Debye–Hückel potential to
describe the electrostatic interactions between the
protein and DNA. The Debye–Hückel model has
been used successfully to address the energetics and
dynamics of various biomolecular systems, such as
RNA folding,67–69 protein–DNA binding,34,70 and

chromatin assembly.71 While the Debye–Hückel
model is a powerful means of introducing the salt
effect (which screens electrostatic interactions) into
the Coulomb potential, one should be aware of its
approximations. The model is valid for relatively
dilute solutions of monovalent ions and does not take
ion condensation into account. In particular, it fails
for an ion concentration >0.5 M.72 We also note that
the strength of electrostatic interactions is strongly
correlated with the resolution of the CG model and
the location of charges. This aspect is discussed later
in this review. We used a dielectric constant of
70–80, which is the typical range in water, as the
protein–DNA interface is much more hydrated in the
nonspecific complex than in the specific complex.
During the simulations, we kept the protein molecule
dynamic, because 100 bp linear DNA molecules are
fairly rigid (large persistence length), while we kept
the DNA conformations frozen, which enabled us to
neglect DNA dynamics. In this manner, we were able
to investigate explicitly the role of DNA geometry
(e.g., canonical B-DNA, curved or bent DNA) on
search dynamics by proteins. Recent studies showed
that the internal dynamics of a DNA molecules has a
small effect on the biophysical characterization of
sliding.73,74 In addition to the DNA fluctuations, its
local geometry (e.g., bending or kinking) may also
affect protein dynamics.

The other energetic contribution that affects
protein–DNA interactions is the excluded volume

energy, which is given by, Eev =
Xnon-native

i < j−3
εev σij=rij

� �12,
where, rij is the distance between the protein and
DNA residues, εev denotes the strength of the inter-
action and is typically set to 0.1, and σij is a
model-dependent parameter (discussed later) that
measures the closest possible distance between two
interacting sites.

ROLE OF PROTEIN COARSE
GRAINING ON THE TARGET
SEARCH MECHANISM(S) ADOPTED
BY DBPs

To investigate how the parameters of the CG model
affect outcomes, we designed four distinct but closely
related CG models (see Figure 1) of a 93-residue
transcription factor protein Sap-1 (PDB id: 1BC8)
interacting with DNA.

1. Model 1 featured a single bead per amino acid
residue, located at the respective Cα positions.
The radius of each protein bead was 2 Å. The
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radius of a DNA phosphate bead was 3.7 Å,
which fixed the closest possible distance
between them (σij in term of excluded volume
interaction), at 5.7 Å (Cα model, Figure 1(a)).

2. Model 2 utilized a second bead located at the
Cβ position in addition to the bead located at
Cα. The second bead represented the amino
acid side chain. The bead was smaller (1.55 Å)
than the Cα carbon atom (1.7 Å) and
resembled the size of a nitrogen/oxygen atom
(Cα–Cβ model). The value of σ for this model
was ~8.2 Å (see Figure 1(b)) because of the
presence of the additional Cβ atom and the
associated Cα Cβ bond distance.

3. In Model 3, the bead corresponding to the
amino acid side chain was placed on the fur-
thest heavy atom (FHA, excluding the hydrogen
atoms) rather than at the Cβ position. There-
fore, σ for this Cα–FHA model (Figure 1(c)) was
~11.2 Å because of the greater linear distance
between Cα and the position of the FHA.

Although it is more realistic in terms of charge
placement, this model lacked rotational degrees
of freedom for the amino acid side chains.

4. Model 4 was a modified-Cα model (Figure 1(d)),
in which the protein chain was artificially con-
strained to maintain a location ~8.2 Å away
from the DNA molecule. This was similar to
the σ of the Cα–Cβ model but differed from
the later in terms of the resolution and orien-
tation of the charges. Like the previous Cα
model, here also a single bead represented an
amino acid and therefore, charges at the rec-
ognition region were clustered and in close
proximity to each other, unlike the Cα–Cβ
and Cα–FHA models.

These four models can address questions
regarding the fine geometry of the interatomic dis-
tances at the protein–DNA interface. Side chain rota-
tions could be beneficial in order to minimize the
steric clashes among amino acid side chains by
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FIGURE 1 | Coarse-grained representations of the protein–DNA complex of the 93-residue transcription factor protein Sap-1 (PDB id: 1bc8)
with DNA modeled using the (a) Cα, (b) Cα–FHA, (c) Cα–Cβ, and (d) Cα-modified models. The dotted circles represent the specified distance
between the protein and the DNA. The recognition region of Sap-1 is labeled with blue and red colors, where the blue region is positively charged
and red region is negatively charged. Each DNA nucleotide is presented through negatively charged phosphate beads (orange color), yellow
colored sugar beads, and small pink colored bases.
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orienting them in different directions. The developed
models may shed light on the effect of the orientation
of charges at the recognition region of DBPs and
whether the distance between the protein and the
DNA controls the target search mechanism.

Coarse Graining Affects
Intercommunications Between Protein
and DNA Molecules
To investigate how the details of coarse graining
impact inter-communication between protein and
DNA molecules, we performed molecular dynamics
simulations of a 100 bp nonspecific DNA molecule
with Sap-1, modeled using the four models described
above. Ten independent runs were carried out at
varying salt concentrations ranging from 0.02 to
0.3 M to achieve statistically significant results for
each model. The extent of inter-communications
between protein and DNA was estimated from the
distributions of the nonspecific energies (Eev, the
excluded volume energy; and Eel, the electrostatic
energy) under the 0.02 M salt condition and is
shown in Figure 2.

Our result suggest that, when the amino acid
side chains are included in the model of Sap-1 (as in
the Cα–Cβ and Cα–FHA models), the excluded vol-
ume interaction increases (Figure 2(a)). This can be
explained by the fact that, in such higher-resolution
CG models, the presence of side chain atoms means
that the protein lies in close proximity to the DNA
beads, which led to an approximately two times
increase in the average excluded volume energy com-
pared with the Cα model. In the case of the modified-
Cα model, where the protein beads were forced to
stay at least ~8.2 Å from any DNA beads, the aver-
age excluded volume energy was, as expected, lower

(~5-fold) compared with the Cα model. A different
trend, however, was obtained for the distribution of
electrostatic energy between the interacting Sap-1
and DNA molecules (Figure 2(b)). Clearly, by placing
the charges on side chain atoms in the Cα–Cβ model,
the positively charged recognition helix of Sap-1 had
the ability to approach the negatively charged phos-
phate beads of the DNA molecule more closely than
in the Cα model of Sap-1. This resulted in approxi-
mately two times greater stabilization of the average
electrostatic interactions in the Cα–Cβ and Cα–FHA
models compared with that obtained using the Cα
and modified-Cα models, in which identical distribu-
tions of electrostatic energies were found.

Modeling side chain atoms guarantees greater
stability in electrostatic interactions, however, the
magnitude of the stabilization may depend on the
geometry of the beads that represent the side chains.
In the Cα–FHA model, side chain beads were con-
nected to their respective Cα beads by longer bonds,
yet, showed ~3% less stabilization in electrostatic
interactions compared with the Cα–Cβ model. This is
because in the Cα–FHA model, the side chain beads
were oriented in different directions in order to mini-
mize steric clashes with neighboring amino acid side
chains, and this resulted in a dispersed distribution of
charges at the recognition region. As a result, the
effective distances between the charged sites of the
protein and DNA molecules were longer and thus,
the electrostatic interactions were weaker. By con-
trast, the side chain beads of the Cα–Cβ model were
connected to their respective Cα atoms by shorter
bonds, which prevented the charges on the side
chains from scattering much. This resulted in a com-
paratively stronger overlap between the recognition
helix of Sap-1 and the negatively charged phosphate
beads of DNA, leading to a rise in electrostatic
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FIGURE 2 | The energetics of the interface in protein–DNA complexes using different coarse-grained models. (a) The excluded volume energy
(Eev) and (b) the electrostatic energy (Eel) calculated by using the Debye–Hückel potential in molecular dynamics simulations of a 100 bp
nonspecific DNA molecule with Sap-1, modeled using the Cα, Cα–Cβ, Cα–FHA, Cα-modified protein–DNA models. The mean energy is shown for
different salt concentrations.
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stabilization when the Cα–Cβ model was used, in
comparison with the Cα–FHA model.

Correlation Between Coarse-Graining
and Target Search Dynamics of Proteins
Under Various Salt Conditions
Having seen that the degree of coarse graining
impacts the strength of the nonspecific interactions
(both electrostatic and excluded volume interactions)
between interacting protein and DNA molecules, we
examined how it affects the related target search
mechanism of Sap-1 under varying salt conditions.
The role of the salt condition in regulating the target
search dynamics of DBPs was underscored in our
previous study.29 To discriminate between different
search mechanisms, we monitored three parameters,
namely: the distance (r) between the center of the rec-
ognition region in Sap-1 and the center of the closest
DNA base pairs; the orientation angle (θ), defined as
the angle between the geometric center of the recog-
nition region of the interacting protein, the geometric
center of the protein, and the point of association on
the DNA surface; and the fraction of the recognition
region that resided within the major groove of the
DNA. Details can be found in our previous publica-
tion.29 We note that some of the parameters of slid-
ing may depend on the resolution of the CG protein
model. Therefore, to precisely characterize the struc-
tural variations in search modes, we drew contour
plots of r versus θ, as shown in Figure 3. Based on
these plots, we defined a snapshot as 3D diffusion if
r was greater than 32 Å, where the average electro-
static energy was weak enough to affect the search
dynamics. For the Cα model, a sliding mechanism
was defined if at least 70% of the recognition helix
of Sap-1 was inside the DNA major groove, r was
<14 Å and θ was <25 Å (see Figure 3). However, for
the Cα–Cβ, Cα–FHA, and modified-Cα model systems,
considering r < 14 Å seemed to be inadequate and
imposing such a condition could lower the sliding
propensity by skewing the actual result. Correspond-
ing contour plots helped to choose the right distance
criteria, namely, 16, 18, and 18 Å for the Cα–Cβ, Cα–

FHA, and Cα-modified model systems, respectively. If
the protein was found at a distance of less than 32 Å
from the DNA and did not satisfy any of the sliding
criteria, the snapshot was considered to be represent-
ing hopping dynamics. Following this prescription,
we estimated the propensities of the protein to adopt
each of the three search modes and presented them
as functions of salt concentration in Figure 4.

With an increase in salt concentration, the slid-
ing propensity decreases and 3D diffusion increases

for all the four models. The rationale behind this is
that higher salt concentrations weaken the electro-
static attraction between the protein and the DNA,
leading to a rise in the number of events in which the
protein dissociates from the DNA surface. In con-
trast, the hopping search mode, during which the
protein molecule remains bound to the DNA but not
necessarily in the major groove, is most populated at
moderate salt concentrations. A similar trend was
observed previously.29 Variation in the usage of the
three searching modes at different salt conditions cor-
responded to the different strengths of the electro-
static interactions depending on the coarse-graining.
For example, at low salt concentration such as
0.02 M, the sliding propensity in the Cα model was
~82% followed by ~72% in the Cα–Cβ model and
~60% in the Cα–FHA model. The hopping and 3D
diffusion propensities followed the reverse order and
were direct consequences of the associated excluded
volume interactions (Figure 2) in these models. The
trend, however, was reversed at a high salt condition.
While under the low salt condition, the presence of
charges on side chains in the Cα–Cβ model helped to
create a stronger electrostatic association between the
protein and DNA molecules (and therefore, a high
sliding propensity), under higher salt conditions,
where the electrostatic interaction was weaker, steric
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FIGURE 3 | Conditions required to satisfy sliding criteria by Sap-1
in the (a) Cα, (b) Cα–Cβ, (c) Cα–FHA, and (d) Cα-modified models
where R denotes the distance between the center of mass of the
recognition helix of Sap-1 and the center of the closest DNA base
pairs and θ represents the orientation angle between them.
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clashes between the side chains and DNA beads
dominated. This resulted in a fall in the sliding pro-
pensity determined using the Cα–Cβ model compared
with the modified-Cα model from which side chains
were absent, and the associated excluded volume
interaction was lowest in the Cα–Cβ model
(Figure 2).

Mechanism Used by Proteins to Search
Target DNA Sites and Its Efficacy
The search mechanism is expected to depend on vari-
ous parameters, including the molecular characteris-
tics of the searcher protein,32,33,41,75,76 the sequence
and structure of the DNA,37 and cellular
conditions.39,77–79 We illustrate the details of the tar-
get search mechanism by investigating the parameters
of the sliding events within it. Two parameters, the
cumulative distance (MSDz) traveled during a single
sliding event by the protein along the contour of
DNA and the number of sliding events, were meas-
ured for each system under the 0.02 M salt condi-
tion. In Figure 5(a) and (b), we present the
probability distribution of MSDz and the cumulative
number of sliding events as a function of the number
of base pairs for all the four CG models.

The higher sliding propensity in CG models
that lack protein sidechains (Cα and Cα-modified) is
correlated with more continuous and long sliding
events and larger MSDz values. In the presence of
protein side chains that caused steric clashes with
DNA beads (Cα–Cβ and Cα–FHA models), sliding
events were frequently disrupted. For example, the
probability of performing continuous sliding events
for more than 5 Å was ~65% in the absence of side
chains (Cα model) compared with only ~55% in the
presence of side chains (Cα–Cβ model). Furthermore,
the number of cumulative sliding events was higher
(>40,000, Figure 5(b)) if the side chains were not

modeled compared with the CG models that incorpo-
rated side chains (~14,000 sliding events).

These results raise the question of how these
mechanistic variations in target search dynamics that
arise from subtle differences between the CG models
regulate the search efficiency of the modeled protein.

We enquired this issue by estimating DNA
positions probed, which is defined as the number of
new DNA sites scanned by the protein via sliding
motion (Figure 5(c)). Each DNA site was counted
only once unless the protein performs 3D diffusion.
After a spell of 3D diffusion, the memory of previ-
ously scanned DNA sites was wiped out. This
scheme was adopted on the basis that the probability
to associate at last visited site after dissociation is
negligible, thus, upon reassociation, the protein
would be searching an unprobed piece of DNA.
Clearly, when the side chains are not modeled, the
protein performs smooth sliding dynamics along the
DNA contour, which enables it to probe the maxi-
mum number of DNA sites. For example, in the
absence of side-chains, the maximum number of vis-
ited DNA sites is ~5.5 times higher than if the side
chains are modeled as in Cα–Cβ and Cα–FHA mod-
els. The differences in efficiency to scan the DNA
sites are also reflected in the corresponding measure-
ments of 1D diffusion coefficients (Figure 5(d)) for
different CG models. The CG protein models with
side chains diffuse along the DNA contour more
slowly (~3–4 times) compared with the Cα and
modified-Cα model. This indicates that the flanking
side chains of proteins are engaged in more ‘cross-
talks’ with the DNA atoms because of their close
proximity and spatial orientation. While this reduces
the overall sliding speed and may retard the overall
translocation of the protein along the DNA contour
compared with model proteins without side chains, it
may on the other hand, provide enough time to the
protein to orient/switch its conformation in order to
form specific contacts when it reaches the target site.
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For many protein–DNA complexes, this is the rate-
determining step.36 Interestingly, all four models
showed that, during sliding, the searching protein
spun along the DNA axis (Figure 6(a)–(d)), which is
along the line of observations from previous

experiments.15 However, examples of rotation-
uncoupled sliding (which can be viewed as the
hopping search mode) were also reported for multi-
domain proteins31 and proteins with disordered
tails.73
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The Effect of DNA Flexibility on
Facilitated Diffusion Mechanism
A similar ‘system mapping’ approach is also found
to be useful in developing a reduced description of
the double-stranded (ds) DNA molecule in which
each nucleotide is represented by three beads (corre-
sponding to the sugar, phosphate groups, and
nitrogenous bases) located at the geometric centers
of the associated group. This model produces a
canonical B-DNA structure with distinct major and
minor grooves and, coupled with a suitable energy
function, it captures the intrinsic biophysics of
dsDNA in situations such as DNA melting and
renaturation, and in describing nanotweezers.80–83

Incorporating such CG models for DNA flexibility
in computational studies of DNA search by proteins
is essential to examine the role of the DNA dynam-
ics on the biophysical characterization of the facili-
tated diffusion. Recent CG models show only a
small effect of DNA flexibility on the search mech-
anism.73,74 Figure 7 shows a comparison between
protein dynamics along a rigid and flexible DNA
molecule (the DNA flexibility was modeled using
the 3SPN.1 model).82 Searching DNA via the hop-
ping search mode is slightly increased at the expense
of reduced sliding propensity. Consequently, the 1D
diffusion coefficient (D1) is larger when searching a
flexible DNA. In accordance with the earlier publi-
cations, the search mechanism is not markedly dif-
ferent when the DNA is flexible. The validity of
representing the DNA as a rigid molecule stems
from the persistence length of the DNA which may
exceed 50 nm. Yet, the DNA flexibility may

influence the biophysics of the search and regulate
specific recognition.84,85

ROLE OF THE DNA MOLECULE ON
THE TARGET SITE SEARCH
MECHANISM ADOPTED BY DBPS—
INSIGHTS FROM CG MODELS

Although toilsome, efforts to develop a suitable CG
model are worthwhile because CG models are well
suited to studying those aspects of biological pro-
cesses that remain hidden from other approaches.
For example, using experimental tools to understand
the role of DNA conformation on the target search
dynamics of DBPs is a daunting task because of
many confounding factors, such as cellular environ-
ment, DNA dynamics, and salt conditions. The DNA
structure is obviously important for specific protein–
DNA recognition and although isolated instances
were reported in which a protein bound with severely
deformed DNA structures,78,86,87 usually even small
nuances in DNA conformations can change its affin-
ity to proteins.84,88,89 However, the effect of DNA
structure (e.g., width and depth of the grooves) is
expected to be smaller for nonspecific than for spe-
cific binding.90 To investigate the effect of the DNA
parameters on the search, researchers can separate
the contribution of the DNA into geometry and inter-
nal dynamics components. We recently achieved this
goal by investigating protein dynamics and kinetics
on circular DNA having different curvatures.31,44

The starting atomistic DNA structures were
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generated by w3DNA web server91 and NAB
software,92 respectively. Circular DNA was tested
because of the abundant presence of curved, bent,
and looped DNA structures in a circular geometry.

Differences in the Conformational
Geometry of Circular and Linear DNA
Molecules
We began by extensively characterizing circular and
linear B-DNA structures and estimated the associated
electrostatic potential around the molecules using the
Curves93 and DelPhi web servers,94 respectively.
Shifting from linear B-DNA to circular DNA, the
curvature, defined as an inverse function of the
radius of the DNA axis, changes from 0 to �0.03
per Å (as estimated by Curves).93 Also, in circular
DNA, the major groove width (W) differs between
the inside (Win � 9.4 Å) and outside (Wout � 11.5 Å)
of the molecule (see Figure 8(a)). In sharp contrast,
linear B-DNA exhibits a constant major groove
width WB-DNA = 10.8 Å with infinite radius. A high
curvature value signifies that the negatively charged
phosphate atoms are in close proximity to each other
inside the circular DNA compared with outside the
circle. As a result, the associated electrostatic poten-
tial, which stems from the orientation of the DNA
phosphate beads, also varies from the interior to the

exterior of circular DNA. By estimating the differ-
ences in both the major groove width (ΔW = Wout −
Win) and the electrostatic potential (ΔEP = EPout −
EPin) for 15 circular DNA conformations comprised
of 50–200 bp (and thus, exhibiting different curva-
tures), we showed (Figure 8(b)) that a linear relation-
ship exists between DNA curvature and the two
parameters mentioned above. The higher the DNA
curvature is, the larger the differences between the
major groove widths and, consequently, the greater
the change in the electrostatic potential between the
outside and inside of a DNA surface. Similarly, the
DNA helical twist was also found to correlate with
DNA groove geometry and, thus, with electrostatic
potential. Typically, for a relaxed double helical
B-DNA molecule, two strands twist around the heli-
cal axis once every 10.4–10.5 bp of sequence. How-
ever, for supercoiled DNA structures, the degree of
helicity varies. Here, by varying the change in linking
number, Δlk, between −2 and 5, we generated eight
circular DNA conformations with varying degrees of
helical twist and found that, as the degree of twisting
in the DNA double helix rises, DNA curvature
increases andWin decreases considerably (Figure 8(c)).
In particular, major grooves become narrower in
order to accommodate the extra turns caused by an
increase in the Δlk values. As a result, negatively
charged phosphate atoms on the DNA backbone tend
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to cluster inside the circular DNA, leading to a strong
electrostatic potential.

Protein Dynamics on Linear and Circular
DNA as a Function of Salt Concentration
Before proceeding further, it was necessary to iden-
tify a suitable salt condition at which the protein–
DNA bound state could be characterized. We there-
fore performed molecular dynamics simulations of
Sap-1 paired with linear B-DNA and circular DNA,
separately, under a wide range of salt concentrations
(0.02–0.20 M) and estimated the propensity of Sap-1
to adopt different search modes (sliding, hopping,
and 3D diffusion) as a function of salt concentration.
Sliding was defined as r < 14 Å, θ < 25 Å, and at
least 70% of the recognition region is within the
DNA major groove, as described previously.

Our results (Figure 9) suggest that the major
difference between the search modes on circular and
linear DNA is that while sliding was the preferred
mode of translocation on linear DNA under low salt
conditions, a circular DNA geometry promoted the
hopping of Sap-1 over a wide range of salt conditions
(0.02–0.12 M). Despite this variation, we identified
0.02 M as a suitable choice of salt condition at
which Sap-1 remained associated with the DNA
(3D diffusion at this concentration is only �1%) irre-
spective of DNA geometry.

Role of DNA Curvature and Helical
Twist in Regulating Target Search
Dynamics of Proteins
Having seen that both DNA curvature and helical
twist regulate the DNA groove geometry and
thereby, modulate the associated electrostatic poten-
tial around the molecule, we enquired if these have
any impact on the dynamics of the interacting pro-
tein. In other words, do DBPs scan DNA differently
if the geometry of DNA conformation varies? In

Figure 10(a) and (b), we present how the sliding,
hopping, and 3D diffusion propensities of the
searching protein change with changes in ΔW and
Δlk, respectively. The common feature that both the
plots share is that 3D diffusion is negligible because
of the choice of salt condition (0.02 M). In addition,
the sliding propensity decreases and hopping inten-
sity increases with a rise in ΔW and Δlk. This can
be explained on the basis that, as curvature
increases, ΔEP rises (ΔEP ≥ 5.0 kBT for ΔW ≥ 1.8
Å), which makes it difficult for the protein to slide
from the inside to the outside of the DNA circle. In
this context, one should note that the suggested
average free energy barrier for sliding dynamics by
DBPs is only −1.1 � 0.2 kBT.

15 On the other hand,
inside the highly curved DNA structures, the close
proximity of the negative charges on the DNA back-
bone promotes hopping, as can be seen from the
steep rise in hopping frequency inside the DNA at
high ΔW values (Figure 11(a)–(d)). This result is in
agreement with the study of van den Broek et al.,
who, using optical tweezers and a fast buffer
exchange system, observed an enhanced hopping
frequency for EcoRV on coiled DNA (high curva-
ture) compared with a linear DNA structure.78 The
relationship between search dynamics and Δlk was
also found to be driven by the geometry of the
DNA groove. For example, sliding is the preferred
mode of translocation in under-twisted DNA struc-
tures (Δlk = −5 and −2, see Figure 11(e) and (f )),
whose major groves are sufficiently wide to easily
accommodate the recognition region of Sap-1. The
hopping mode of dynamics, however, increases with
increased helical twisting, as proxied by Δlk,
because of the highly negative electrostatic potential
inside the major groove of the over-twisted DNA.
Up to a certain point (beyond which the DBP can-
not enter the DNA major groove, see Figure 11(h))
the highly negative interior electrostatic potential
acts as a promoter of hopping events as it is strong
enough to enable mild attraction between the DBP
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and DNA, but not so strong as to prevent dissocia-
tion of the DBP from the DNA surface.

The variation in search mode with ΔW and Δlk
has far reaching consequences in regulating the target
search efficiency of the interacting protein. In order
to quantify the effects, we estimated the number of
positions probed on DNA by Sap-1 and the related
D1. Corresponding results are shown in Figure 10
(c) and (d), which suggest that for DNA with
0 ≤ ΔW < 1.8 Å (corresponds to circular DNA with
100 < Nbp ≤ 500; i.e., to minimally curved DNA
structures), the number of visited sites shows a
roughly constant value of 50–70. This means that
Sap-1 scanned all these DNA molecules with roughly
the same efficiency. However, in highly curved DNA
minicircles, where ΔW ≥ 1.8 Å (Nbp ≤ 100), the
number of probed positions decreases sharply
because of a decrease in sliding, even though
hopping-assisted diffusion increases along the DNA

contour. Along the line, as Δlk increases, the number
of probed DNA position increases initially and then,
drops for Δlk > 1. Both of these results suggest that
the search mechanism does not reflect naive sliding,
but rather a tradeoff between sliding and hopping
dynamics is essential to attain maximum target
search efficiency for DBPs. The balance in turn is
strongly correlated with DNA geometry. For exam-
ple, optimal search efficiency was achieved for ΔW
� 2.1 Å (where the curvature of the corresponding
DNA is 0.02 per Å). Under such conditions, Sap-1
diffuses relatively fast by hopping (D1 = 4.43 Å2

time step−1) yet still scanned �62 bp (out of 90) by
sliding. Similarly, Sap-1 could scan the maximum
number of base pairs (�67 bp out of 100) in circular
DNA when the DNA is slightly over-twisted (Δlk = 1,
Figure 11(d)). Optimal efficiency was achieved
through 78% hopping (fast diffusion, D1 � 3.88 Å2

time step−1) and only 18% sliding dynamics.
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CONCLUSIONS

CG models have provided simplified yet predictive
and powerful tools for investigating the molecular
determinants that underpin the target search mechan-
ism of DBPs. Successful modeling requires that the
researcher select the appropriate level of coarse grain-
ing to meet the objective of study. It is thus instruc-
tive to pay attention to the subtle details while
developing CG models. The CG model should be not
only simple enough to capture the question at hand
but also should represent the essential physical and
chemical properties of the studied systems. We
showed that, despite its simplicity, the Debye–Hückel
model is well able to represent protein–DNA interac-
tions and to study the linear diffusion of proteins
along DNA. Supplementing the CG model by adding
solvent effects and ion-specific protein–DNA interac-
tions is expected to further capture the biophysical
properties of DNA search.95 We discuss that,
although different CG models that capture the pro-
tein molecule at different resolutions may affect the
sliding dynamics, they all qualitatively portray the
interaction dynamics with DNA molecules. For
example, in nonspecific protein–DNA interactions,
apparently simple modeling of protein side chains

poses a complexity. With the addition of side chains,
the effective location of point charges on the corre-
sponding amino acids is shifted by a few angstroms,
which may alter the associated strength of the elec-
trostatic potential and, thereby, the search dynamics
of DBPs. Indeed, the sliding propensity and the diffu-
sion coefficient can be changed by these coarse-
graining nuances. In addition to the geometrical
aspects of CG models for nonspecific protein–DNA
interactions, there is scope for improving the associ-
ated model and energy functions for calculating effec-
tive charge–charge interactions beyond the Debye–
Hückel potential. An approach to refine the electro-
static interactions is by mapping the energetics from
atomistic simulations and accordingly to tune the
parameters of the CG model.96,97

Researchers must keep in mind that while CG
models lack some details which are often included in
atomistic models, their simplicity lies in their power.
A CG model can become more realistic not only by
increasing its molecular resolution but also by cali-
brating its parameters to fit experimental observables
or those obtained from atomistic modeling turning
them to be more quantitative. While the degree of
coarse-graining may affect the sliding characteristics
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FIGURE 11 | The traces of the search path of Sap-1 around circular DNA of (a) 200 bp, (b) 100 bp, (c) 70 bp, and (d) 60 bp at a salt
concentration of 0.02 M. (e–h) The same search paths on 100 bp circular DNA twisted to various extents around the double helix. A negative
value of Δlk denotes an under-twisted DNA structure and a positive value of Δlk denotes an over-twisted DNA structure. DNA is colored orange,
while cyan and green represent the sliding and hopping modes, respectively.
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to some extent, they all provide insightful analyses
on the search mechanisms. The details of the CG
model are expected to be more critical for specific

protein-recognition where the molecular resolution
of the interface is central to specificity and affinity.
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