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DNA-binding protein searches for its target, a specific site on DNA, by means of diffusion. The
search process consists of many recurrent steps of one-dimensional diffusion (sliding) along DNA
chain and three-dimensional diffusion (hopping) after dissociation of a protein from DNA chain.
Here we propose a computational method that allows extracting the contribution of sliding and
hopping to the search process in vivo from the measurements of the kinetics of the target search by
lac repressor in Escherichia coli (Hammar et al. (2012). Science, 336, 1595). The method combines
lattice Monte Carlo simulations with the Brownian excursion theory and includes explicitly steric
constraints for hopping due to the helical structure of DNA. The simulation results including all
experimental data revealed that the in vivo target search is dominated by sliding. The short-range
hopping to the same base pair interrupts one-dimensional sliding while long-range hopping does not
contribute significantly to the kinetics of the search of the target in vivo.

I. INTRODUCTION

Sequence-specific DNA-binding proteins such as
transcription factors (TFs) locate their targets rapidly
in cells despite presence of large excess of nonspecific
DNA [1, 2]. A well-established kinetic mechanism,
referred to as “facilitated diffusion” states that TFs
when bound to DNA sample many base pairs by one
dimensional diffusion (sliding) [3–16]. Surprisingly,
despite over 30 years of theoretical studies, the first
experimental proof that sliding occurs in living cells
(Escherichia coli) was given by Hammar et al. [2]. They
placed two operators, targets for lac repressor, separated
by different distances along DNA (between 25 and 200
base pairs). They determined the rate of the target loca-
tion by lac repressor and compared the results to those
obtained for cells having only one operator. The rate, k,
for two operators was 2 times higher than the rate for
the single operator, k0 = k/2, only when the distance
was larger than 65 bp. When the distance between two
targets along DNA was reduced below 65 bp the rate
decreased and approached k/2 for vanishing distance
between them. The common name of this phenomenon
is the “correlated search” process [7]. In principle,
sliding [15, 17–27] and hopping [28–33] of DNA-binding
proteins contribute to the “correlated search” [7, 34–36]
(see Fig. 1(a)). But, Hammar et al. [2] interpreted
the result as arising solely from sliding over distances
of 36 bp, without taking into account hopping in the
search process. Other experiments in vitro showed that
hopping was a non-negligeable process in the kinetics of
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target location. For example, in buffer assay [37, 38]
for cellular-like conditions revealed that the search over
30 bp by a DNA-binding protein involves at least one
3D hopping step [37]. The recent measurements of the
binding kinetics of RNA polymerase to the promoter
also show that the primary search mechanism is through
3D diffusion [39, 40]. Moreover, theoretical studies [35]
suggest that hopping enhances the correlated search
in compacted conformations of DNA. This difference
between in vivo and in vitro results prompted us to ask
the question: what is the contribution of short-range
and long-range hopping to the kinetics of target location
in living cells?

The direct observation of hopping and sliding of
fluorescently labeled DNA-binding proteins on DNA
are beyond both spatial and temporal resolution of
today’s methods [13, 37]. Instead indirect methods
using two operators on DNA are applied both in vitro

[37, 38, 41] and in vivo [2] for describing quantitatively
the correlated search process. However none of these
experimental methods can be applied to estimate
contribution of sliding and hopping to the process in

vivo. This study describes a comprehensive theoretical
method of lattice Monte Carlo simulations with the
Brownian excursion theory [42]. The method is applied
to in vivo kinetic binding data of lac repressor [2].
The experiment [2] and molecular dynamics simula-
tions [15] put strong constraints on our mesoscopic
simulations. We fix the diffusion coefficients for lac

repressor with and without DNA-binding domains [1],
include helical structure of DNA, and set the ratio of
the reaction rates k/k0 as a function of the distance
between operators on DNA [2]. We also include the
fact that the repressor binding is a diffusion-limited
process [15] under conditions of correct mutual ori-
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entation of the DNA-protein pair. We are not aware
of any other theoretical model applied to sliding and
hopping in living cells with all these imposed constraints.

II. MODEL OF SLIDING AND HOPPING

We define sliding as the one-dimensional diffusion
along the helical structure of DNA (Fig. 1). Hopping
is the 3D diffusion. Hopping starts upon microscopic
dissociation of the protein from the DNA strand of pre-
defined length. The protein begins 3D diffusion from a
distance rstart from DNA axis and continues until the
protein returns to the same DNA strand. Short-range
and long-range hopping are also defined. The former
process consists of dissociation from a base pair, short
excursion in 3D and return to this base pair, or to the
nearest-neighbour base pair. The long-range hopping in-
cludes longer excursion in 3D and return to any other
base pair of the same DNA strand. Finally macroscopic
dissociation is a process consisting of the following steps:
dissociation from the DNA and excursion to the prede-
fined distance from the DNA strand (rmax or zmax, where
zmax is the distance along DNA, here taken as the persis-
tence length of DNA) without any association with the
DNA strand. By microscopic association we define a pro-
cess of protein binding to DNA from a distance rmin.

We model the TF correlated search with the follow-
ing rules describing probability of the following events
during the process:
(sliding) Nonspecifically bound TF to DNA performs one
of two exclusive steps [2, 7]: diffusive transition in ei-
ther direction to the nearest base pair or microscopic
dissociation. The probability of the former is given by
P = 2D1/(kmicro

d + 2D1) = 2s2/(1 + 2s2) and the latter

Pd = 1/(1 + 2s2), with s =
√

D1/kmicro
d where D1 is

one-dimensional diffusion coefficient of TF and kmicro
d is

a microscopic dissociation rate of the protein from DNA
chain. Microscopic dissociation releases TF from a DNA
to a distance rstart from which TF is allowed to diffuse
freely in 3D [7]. This distance is a parameter in the
model. Typically it is larger than the distance between
DNA axis and the center of mass of TF [15].
(hopping) In the hopping event TF after dissociation
from a given strand of DNA diffuses away from this DNA
fragment at a distance r and next comes back in the
neighborhood of the same DNA strand or to a different
strand uncorrelated with the previous one. Mathemat-
ically we model this event by the probability P (r) that
an object departing at a distance rstart from the cylinder
will return to the cylinder of radius rmin (we assume that
rmin = 5.5 nm for LacI) after making an excursion at a
distance equal to or greater than r [42]

P (r) = (ln(rstart) − ln(rmin))/(ln(r) − ln(rmin)). (1)

A long-range excursion from a given fragment of DNA
can lead to reassociation of the protein to elsewhere in
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FIG. 1: (Color online) DNA-binding protein reassociation to
DNA chain depends on helical structure of DNA. (a) The
model of facilitated diffusion includs 3D translocations to
nearby sites (“hopping”) interspersed by binding to nonspe-
cific sites with diffusion along contiguous sites (“sliding”) i.e.
along a helical path of DNA. The hopping leads to associa-
tion only if the protein follows DNA double helix (according
to the angle φ between rebinding events). When the protein
reaches DNA we check this angle and allow the protein to
associate only if the angle is within a given range of angles
∆φ (this range of angles is a parameter in the model) (b)
The normalised histograms of the TF rebinding angles as a
function of the excursion (hopping) distance r. The rebind-
ing to the DNA is focused within narrow range of angles.
(c) The histograms of the hop distances, along the axis of
DNA (z direction), calculated for single excursions starting
at rstart = 5.51 nm (black circles) and rstart = 6.5 nm (blue
squares) and reaching the point at DNA given by rmin = 5.5
nm. Filled data points correspond to case with whole DNA
reactive surface while empty result from incorporating helical
structure of DNA into the model with reactive angle range
∆φ = 36o.

the nucleoid and loss of the spatial correlation with the
chain it has just dissociated[7, 43, 44] (macroscopic disso-
ciation, see Fig. 1(a)). The probability given by Eq.1 al-
lows to differentiate trajectories that lead to macroscopic
dissociations (r ≥ rmax) from hopping (r < rmax). The
exact values of rmax for E. coli nucleoid and LacI repres-
sor are unknown. Berg et al. [7] defined TF macroscopic
dissociation from DNA segment as an event in which TF
reaches the average distance between the closest uncor-
related neighbouring DNA segments. Following this ap-
proach we get rmax = 11 nm for predicted nucleoid vol-
ume [16]. Nevertheless, we examine different values of
rmax in the fitting procedure assuming rmax = 11 nm as
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being the minimal distance for macroscopic dissociation
[12].

The hopping requires explicit inclusion of the heli-
cal nature of DNA into the model of facilitated diffusion,
because not every encounter of TF with DNA leads to re-
association. Only when TF reaches the surface of DNA
close to the main grooves it can associate with DNA. The
main grooves follow the helix along the surface of DNA
and the helical structure of DNA imposes certain con-
straint. For example protein reassociation by hopping,
with covered distance z = 5 bp along a DNA chain from
last dissociation site, needs to involve φ = 180 degrees
of protein excursion around the DNA axis (Fig. 1(a)).
The TF excursion at the distance r is combined with
a translocation along DNA axis and is characterised by
the hopping variables (z, φ, t) describing distance along
DNA axis, rebinding angle between consecutive dissocia-
tion/association events, and excursion time, respectively.
To our knowledge, the analytical distribution of rebind-
ing variables as a function of r is unknown. Therefore, we
perform random walk simulations on the square lattice
with mesh size rstep, in which we count number of steps n
up to reaching rmin by TF from rstart = rmin+rstep. For
every trajectory that reaches (r, r + rstep) we calculated
histogram of steps n and angles φ. The overall excur-
sion time is t = nτ where τ = r2step/6D3. The number of
steps n performed in our 2D simulations is 2/3 of all steps
in 3D. Therefore we calculate the distance z along DNA
axis during each TF excursion according to the following
Gaussian distribution

p(z, t) =
1√

4πD3t
exp(− z2

4D3t
) =

1
√

πnr2step

exp(− z2

nr2step
).

(2)
In Fig. 1(b) we show the distributions of rebinding angles
φ for different excursion distances r. 3D diffusion causes
reassociation of TF within narrow range of angles. Thus,
taking into consideration the helical structure of DNA
a single TF translocation by hopping to distinct base
pairs is of low probability (Fig. 1(c)), orders of magnitude
smaller than rebinding to the same base pair. Therefore
the rebinding is highly peaked at the base pair TF disso-
ciated from, independently of the initial distance rstart.
In our model, the rebinding takes place if (z,φ) follows
helical pathway. The rebinding to the consecutive base
pair requires φ = π/5 (i.e. 5 base pairs for 180 degrees)
translocation within the range of reactive angles, ∆φ, the
parameter in our model.

III. RESULTS

The simulation algorithm (Fig. 2) counts the num-
ber M of macroscopic association/dissociation events [7]
i.e. excursions to r ≥ rmax or excursion along DNA to
distances |z| ≥ zmax larger than the persistence length
of DNA [16, 31]. The persistence length of DNA for in
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FIG. 2: Outline of the simulation algorithm used in the in-
terpretation of experiments performed for TF binding rates
to two specific sites placed at a fixed distance on DNA. The
method requires as a prerequisite the calculation of the his-
tograms of diffusion steps n and rebinding angles φ for the pa-
rameters rstart and rmax (the maximal distance of excursion
after dissociation varied from 11 nm to 40 nm). The event-
driven algorithm consists of the following steps: Initialise:
s2, N (number of base pairs), M = 0; Macroscopic associa-
tion: generate a random number ξ ∈ (1, N), current position
of DNA binding protein (POS) is POS=ξ; Sliding: draw a
random number x from the uniform distribution in the unit
interval, according to x choose one of three events: (i) change
the position to POS+1 (with probability P+ = 1/2P =
s2/(1 + 2s2)), (ii) change the position to POS-1 (with proba-
bility P− = s2/(1 + 2s2)), (iii) Microscopic dissociation (with
probability Pd = 1/(1 + 2s2)); Hopping: generate excursion
distance r (the excursion distance r is generated from the dis-
tribution dP (r)/dr = (ln(rstart/rmin))/(r(ln(r/rmin))2) by
drawing a random number x from the uniform distribution in

the unit interval and taking r = r
1/x
startr

(1−x)/x
min ). If r ≥ rmax,

then macroscopic dissociation will occur, M = M + 1. If
r < rmax, calculate hopping distance z along DNA axis and
draw rebinding angle φ from the histograms (see the main text
for details). If pair (z, φ) follows a helical pathway of DNA
draw a random number x from the uniform distribution in
the unit interval. If x ≤ p (p is the probability of microscopic
association) bind TF with DNA, otherwise repeat hopping;
Specific binding : the procedure is finished when POS corre-
sponds to the position of the operator/operators.

vivo conditions was calculated to be 23 nm [16] and we
use this value herein. Every macroscopic event consists
of recurrent number of sliding/hopping steps that consti-
tute correlated sampling of DNA sites. Hammar et al.

[2] studied the lac repressor binding rates to two specific
binding sites positioned at center-to-center distances 25,
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45, 65, 115, and 203 bps (Fig. 3(d)). Measured bind-
ing rates demonstrated correlations for binding and the
results were interpreted as arising from long sliding dis-
tances sl =

√
2s ∼ 36 bp.

In the experiment, the observable was the binding
rate, k, to one of the operators in case of the system
with double operators and rate with single operator sys-
tem, k0. The time required for specific association to one
of two operators differs only in number of macroscopic
association tries, M (Fig. 2), as compared to the system
with single operator, M0. We have one binding event to
the operator per M macroscopic tries, thus k ∼ 1/M 〈t〉,
where 〈t〉 is the average time of macroscopic dissocia-
tion/reassociation event (including hopping and sliding).
Thus the ratio of the association rate to one of two op-
erators to the association rate to the DNA with single
operator is given by the exact formula k/k0 = M0/M .
The calculated ratio of macroscopic tries constitutes a
fitting curve to experimental data k/k0 with only one fit-
ting parameter s2 (Fig. 3(d)).

The measured in vivo diffusion constants [1] for lac re-

pressor with (Deff
3 = 0.4 µm2s−1) and without (D3 = 3

µm2s−1) DNA-binding domains impose constraints on
the parameter values in the fitting procedure. The ef-

fective diffusion constant Deff
3 is lowered by interactions

with nonspecific DNA and is given by

Deff
3 =

1
3D1 〈t1〉 + D3 〈t3〉

〈t1〉 + 〈t3〉
, (3)

where 〈t1〉 = 1/kmicro
d is a mean time spent by TF in

the nonspecific complex with DNA and 〈t3〉 describes
mean reassociation time of TF with DNA during 3D
excursions. The value of 1D diffusion constant for
lac repressor is assumed to be equal [16] D1 = 0.025
µm2s−1. Thus, changing the value of s2 in the fitting
procedure requires a simultaneous change of the value of
〈t3〉 to keep the ratio given by the Eq. 3 constant. 〈t3〉
depends on ∆φ and rmax. However the exact value of
the parameter ∆φ is unknown for repressor binding to
DNA. We test therefore different values of the parameter
∆φ. Similarly, we vary rmax between 11 nm and 40 nm.
In order to get the correct value of 〈t3〉 for a given pair
of parameters (∆φ, rmax), that follows constraints for
diffusion constants, we have to introduce probability of
microscopic association for TF within reactive region
∆φ. We do it in the following way. We run additional
random walk simulations on the cubic lattice with the
same parameters as during the fitting procedure. The
aim of these simulations is to get the average number of
diffusive steps of length rstep that TF carries out during
3D diffusion. If TF dissociates macroscopically, we ran-
domise its position at the circumference of radius rmax.
Outside the range ∆φ reflective boundary conditions
are applied. From these simulations we get the number
of diffusive steps n0 for p = 1, i.e. for the condition
in which every reaching of the distance rmin by TF
leads to the microscopic association within the reactive
angle range ∆φ. Then the total number of diffusive
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FIG. 3: (Color online) Application of the simulation algo-
rithm to the in vivo kinetics data of lac repressor binding
in E. coli [2]. (a-d) Results of the simulations for different
sets of parameter value pairs (∆φ, rmax) for rmin = 5.5 and
rstart = 5.51 nm: (a) Changes in the number of steps n0

between rebinding events as a function of the range of re-
active angle (constant rmax, black circles) and as a function
of the macroscopic dissociation distance (constant ∆φ, red
squares). (b-c) Residual error (χ2) of the model predictions
and experimental data for lac repressor for range of angles (b)
∆φ = 36o and (c) ∆φ = 1o. The left data points correspond
to diffusion-limited reaction. (d) Comparison of experimen-
tal [2] and simulated ratios of association rates for ∆φ = 36o

and pairs of parameters (s2, rmax) marked by arrows in panel
(b).

steps for a given value of the probability of microscopic
association p is given by the scaling nt = n0/p. Fig. 3(a)
presents values of n0 obtained from the simulation data
as a function of parameters ∆φ and rmax. Hence, for a
given value s2 = D1 〈t1〉 we can find the probability of
the microscopic association, for which the average time
the protein spends during 3D difussion, 〈t3〉, holds the
relation between the values of the diffusion constants
for lac repressor, as given by Eq. 3. The algorithm
described in Fig. 2 is general and can be applied to
various DNA-binding proteins. However, only for the
lac repressor we have the knowledge about its diffusion
constants [1] and its binding kinetics to two operators
for different distances between them [2].

The results of the simulations are used to fit the
kinetic binding data [2] (Fig. 3(b-d)). Total number of
base pairs in the simulations was N = 2 · 104 bp and 105

simulation realisations were performed to calculate mean
number of macroscopic tries that lead to the specific
binding. Residual error (χ2) of the experimental and
simulation data is applied as a measure of goodness of
the fit for two values of the parameter ∆φ = 36o and
1o. In both cases low value of macroscopic dissociation
distance rmax = 11 nm give the best fit for s2 = 700
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bp2 that corresponds to sliding length of 37 bp being
equal to the one determined in Ref.[2]. The correlated
search in this case is due to the sliding where almost
every microscopic dissociation leads to macroscopic
dissociation. Parameter values rmax = 30 nm, ∆φ = 36o

and rmax = 20 nm, ∆φ = 1o equally well explain
the experimental results. The striking feature in the
first case is broad, two order of magnitude, range of
parameter values s2 that give good fits to experimental
data (Fig. 3(b)). The sliding events now are interspersed
by hopping. Combining results shown in Fig. 1(c) and
Fig. 3 suggests that hopping is mainly to the same
base pair TF dissociated from, not contributing to the
correlated search of TF.

Despite the fact that the values of pairs (∆φ,
rmax) are unknown in vivo we can envisage plausible
mechanisms. Marklund et al. [15], using molecular
dynamics simulations, have shown that lac repressor
during microscopic dissociation does not encounter an
energy barrier, pointing that the binding of the repressor
is diffusion-limited within a range ∆φ. Taking this result
as the next constraint we can discard cases that well
describe experimental data but are reaction-limited (e.g.
for ∆φ = 36o and rmax = 11 nm, Fig. 3(b), black circles).
Hence, two cases: ∆φ = 36o, rmax = 30 nm (Fig. 3(b),
green diamonds) and ∆φ = 1o, rmax = 20 nm (Fig. 3(c),
red squares) fulfil all requirements, suggesting that in

vivo correlated search consists of short sliding events
interspersed by hopping and macroscopic dissociation
distance much larger that 11 nm. During the same
simulations that we carry out for generation of data
points in Fig. 3(b-c) we collect the information of the
number of hopping events per macroscopic dissociation
as well as the probability of the hopping that leads
to a different base pair than the one TF dissociated
from. Thus, we get for (∆φ = 36o, rmax = 30 nm)
that the probability of excursion to a different base pair
is 0.01 and the mean number of 140 TF microscopic
association events per macroscopic dissociation. Hence,
the average number of hopping events contributing to
the TF correlated search is 1.4. For the parameter
(∆φ = 1o, rmax = 20 nm) the average number of hops
to a different base pair drops to 0.1 per macroscopic
dissociation.

Summarizing our results: Although two sets of
parameters studied here are consistent with experiments
in vivo in none of these cases long-range hopping
of the lac repressor contributes to correlated search
along DNA. The analysis shows that method explains
experimental data when one of the parameters is fixed
and the decrease of the range or reactive angle (∆φ) is
associated with the decrease of the distance of macro-
scopic dissociation rmax. The case with extremely small
reactive angle (∆φ = 1o) is rather improbable in view of
free rotation of the transcription factor and large size of
major grooves of DNA. Therefore our simulations give
for the set of parameters, consistent with aforementioned
experimental constraints: ∆φ = 36o, rmax = 30 nm,

s2 = 6 bp2, the sliding distance of sl =
√

2s ∼ 3 bp.
Despite the fact that lac repressor often dissociates from
DNA (140 times before macroscopic dissociation) it
does return to the same base pair, therefore effectively
it stays at close proximity to DNA during many short
hopping events. Only one, on average, of all these
microscopic reassociations is to a different (usually
the closest neighbour) base pair. The effective sliding

distance (before macroscopic dissociation) is
√

140·3
bp ∼36 bp as in the Hammar’s et al.[2] model of pure
sliding. However many dissociation events mean that
lac represor does not tighly bind to the nonspecific
sites on DNA. The macroscopic dissociation occurs
when the repressor diffuses a distance rmax = 30 nm
from a DNA strand. The constraints imposed in the
simulations are as follows: the diffusion coefficient
in 3D, D3 = 3 µm2s−1and 1D diffusion coefficient is
D1 = 0.025 µm2s−1, effective diffusion constant in

vivo Deff
3 = 0.4 µm2s−1, and zmax = 23 nm. Also,

we assume, following the microscopic simulations of
Marklund et al [15], that binding of Lac repressor
to DNA is the diffusion limited reaction without ad-
ditional barriers, but within the reactive angle ∆φ = 36o.

IV. CONCLUSIONS

We present the mesoscopic simulations of LacI repres-
sor searching for operator on DNA in E. coli. Parameters
for our simulation algorithm are strongly constrained by
the experimental data. New element in the simulation
algorithm is the explicit representation of hopping in the
framework of the Brownian excursion theory [42]. Our
model also explains two seemingly contradictory state-
ments: that DNA-binding protein performs only long
slidings [2] and that in the correlated search with asym-
metric dimers for intracellular-like conditions there is at
least one hopping step [37]. Densely packed DNA in the
bacterial nucleoid imposes that 3D diffusion contributes
to the macroscopic events but not to the correlated search
by lac repressor in Escherichia coli. This result is in
contradiction to models showing that 3D excursions con-
tribute to the correlated search [35]. The difference is due
to the fact that our model is more detailed and encom-
passes all available experimental data. From our model
it is clear that increasing the macroscopic dissociation
distance results in deterioration of the fit to experimen-
tal data (Fig. 3(d)). Long excursions observed in vitro,
much beyond macroscopic dissociation distances consid-
ered in this work, result from elongated (and not com-
pactly packed) DNA chain [30, 31].

The regulation of the expression of lac operon by
LacI repressor serves as a paradigm of gene regulation
in prokaryotes. The kinetic modelling of in vivo facil-
itated diffusion of LacI repressor [2, 16, 45, 46] shows
that the repressor search is close to the optimal condi-
tions for target location. Additionally, the facilitated
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diffusion contributes to the reduction of noise in gene
expression [47] and hence to more precise regulation of
gene expression. Thus, the detailed models of facilitated
diffusion are crucial to understand the mechanisms of op-
timisation of the target search by transcription factors.
The algorithm presented here can support the existing
computational models algorithms of facilitated diffusion
[48, 49]. It can be also extended to include a probability
of DNA sequence recognition by a transcription factor
[2, 17, 27, 35, 49–57], kinetic transitions between differ-
ent states of a transcription factor [20, 58] or the effect
of macromolecular crowding on the target search due to
the presence of other DNA-binding proteins [16, 59–64].

Here, we neglect the effect of interfering of lac repres-
sor motion by other DNA-binding proteins [59, 60] and
by a densely packed nucleoid. This assumption is justi-
fied by the fact that for fast-growth conditions considered
here and applied in in vivo experiments, the calculated
fraction of DNA that is free from DNA-binding proteins
is 0.85 [16]. Taking into accout this fraction and model of
random positioning of DNA-binding proteins on DNA we
obtained that DNA-binding proteins do not affect signif-
icantly the sliding of the lac repressor [16]. Also lack of
specific binding sites for RNA polymerase, CRP, and H-
NS between lac operators does not change the rate of lac
repressor binding as compared to rate observed for na-
tive interoperator sequences with these binding sites [2].
DNA is less densely packed for fast growth conditions
and for example a distribution of lac repressor does not
depend on the spatial location of its encoding gene [65].
The repression strength for lac repressor as a function of
intergenic distance is also reproduced by a model in which
spatial homogeneity of the repressor is assumed [65]. Ad-
ditionaly the values of mean-square displacement of LacI
dimer [1] show that diffusion is not confined for the re-
pressor. Aforementioned phenomena need to be incor-
porated into facilitated diffusion model for slow growth

conditions [65].
The model proposed in the present study considers

simplified interactions between DNA-binding protein and
helical DNA chain as it includes only orientation con-
straints for protein-DNA association. Thus it should be
considered as a reference to more detailed models of pro-
tein hopping and sliding on nonspecific DNA. Combina-
tion of Molecular Dynamics simulations [15, 66, 67] and
detailed Brownian Dynamics simulations will give insight
into the impact of electrostatic steering [68] and other in-
teractions on the target search at the TF-DNA distances
between sliding and unconstrained 3D diffusion. Never-
theless, this model predicts that for all ranges of DNA re-
active angles and even for perfect steering approximated
by a case in which whole surface of DNA/transcription
factor is reactive hopping does not contribute to the cor-
related target search by the lac repressor.

The method is applicable also to studies of a TF bind-
ing/unbinding kinetics to regulatory regions with multi-
ple TF binding sites. Preliminary studies of the facili-
tated diffusion of transcription factors have started re-
cently to appear also for eukaryotic cells [69, 70]. The
analysis presented here establishes the experimental pa-
rameters that are required to gauge the contribution of
one- and three-dimensional diffusion to the correlated
search process and thus can drive future experiments and
support analysis of measured TF binding kinetics.

V. ACKNOWLEDGMENT

Discussions with Johan Elf are greatly acknowl-
edged. This work was supported by the NCN grant
DEC-2011/02/A/ST3/00143 and by NSF Grant DMS-
1206276.

[1] J. Elf, G. W. Li, and X. S. Xie, Science 316, 1191 (2007).
[2] P. Hammar, P. Leroy, A. Mahmutovic, E. G. Marklund,

O. G. Berg, and J. Elf, Science 336, 1595 (2012).
[3] P. H. Richter and M. Eigen, Biophys. Chem. 2, 255

(1974).
[4] O. G. Berg and C. Blomberg, Biophys. Chem. 4, 367

(1976).
[5] O. G. Berg and C. Blomberg, Biophys. Chem. 7, 33

(1977).
[6] O. G. Berg and C. Blomberg, Biophys. Chem. 8, 271

(1978).
[7] O. G. Berg, R. B. Winter, and P. H. von Hippel, Bio-

chemistry 20, 6929 (1981).
[8] R. B. Winter, O. G. Berg, and P. H. von Hippel, Bio-

chemistry 20, 6961 (1981).
[9] P. H. von Hippel and O. G. Berg, J. Biol. Chem. 264,

675 (1989).
[10] M. Coppey, O. Bénichou, R. Voituriez, and M. Moreau,

Biophys. J. 87, 1640 (2004).

[11] S. E. Halford and J. F. Marko, Nucleic Acids Res. 32,
3040 (2004).

[12] Z. Wunderlich and L. A. Mirny, Nucleic Acids Res. 36,
3570 (2008).

[13] S. E. Halford, Biochem. Soc. Trans. 37, 343 (2009).
[14] R. K. Das and A. B. Kolomeisky, Phys. Chem. Chem.

Phys. 12, 2999 (2010).
[15] E. G. Marklund, A. Mahmutovic, O. G. Berg, P. Ham-

mar, D. van der Spoel, D. Fange, and J. Elf, Proc. Natl.
Acad. Sci. USA 110, 19796 (2013).

[16] M. Tabaka, T. Kalwarczyk, and R. Ho lyst, Nucleic Acids
Res. 42, 727 (2014).

[17] M. Slutsky and L. A. Mirny, Biophys. J. 87, 4021 (2004).
[18] Y. M. Wang, R. H. Austin, and E. C. Cox, Phys. Rev.

Lett. 97, 048302 (2006).
[19] P. C. Blainey, A. M. van Oijen, A. Banerjee, G. L. Ver-

dine, and X. S. Xie, Proc. Natl. Acad. Sci. USA 103,
5752 (2006).

[20] L. Hu, A. Y. Grosberg, and R. Bruinsma, Biophys. J. 95,



7

1151 (2008).
[21] B. Bagchi, P. C. Blainey, and X. S. Xie, J. Phys. Chem.

B 112, 6282 (2008).
[22] O. Givaty and Y. Levy, J. Mol. Biol. 385, 1087 (2009).
[23] V. Dahirel, F. Paillusson, M. Jardat, M. Barbi, and J. M.

Victor, Phys. Rev. Lett. 102, 228101 (2009).
[24] P. C. Blainey, G. Luo, S. C. Kou, W. F. Mangel, G. L.

Verdine, B. Bagchi, and X. S. Xie, Nature Struct. Mol.
Biol. 16, 1224 (2009).
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