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To extract the dynamic parameters from single molecule manipulation experiments, usually lots of data at different
forces need to be recorded. But the measuring time of a single molecule is limited due to breakage of the tether or
degradation of the molecule. Here we propose a data analysis method based on probability maximization of the recorded
time trace to extract the dynamic parameters from a single measurement. The feasibility of this method was verified by
dealing with the simulation data of a two-state system. We also applied this method to estimate the parameters of DNA
hairpin folding and unfolding dynamics measured by a magnetic tweezers experiment.
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1. Introduction

The single molecule manipulation method has been
widely used to study the conformational dynamics of
biomolecules, such as DNA unzipping and protein
folding/unfolding.!-?! Important kinetic parameters can be ob-
tained from single molecule experiments. In a single molecule
manipulation experiment, the molecule is stretched by force
and the extension is measured with nanometer resolution.
From the measurement of force and extension, conformational
transition of the molecules can be detected.[’!

If a constant force is applied to stretch the molecule, the
lifetime of a specific conformation can be obtained.!*! If the
molecule is stretched by a constant loading rate (force increas-
ing rate) or constant speed of moving away an optical trap, the
transition force can be obtained.!>%! Distributions of lifetime
or transition force are usually used to extract dynamic param-
eters of conformational transition of the molecule.

For a theoretical model, an analytical expression of the
distribution can be derived in some cases. Therefore, fitting of
the analytical expression with the measured distribution can be
done easily to obtain the dynamic parameters.!”) If there is no
analytical expression, a model-dependent simulation is used
to compare with the experimental results, [®° which is usually
done roughly by adjusting the parameter to minimize the dif-
ference intuitively. Both methods require the distributions of
unfolding force, lifetime, er al. Because the conformational
transition dynamics of a single molecule is a stochastic pro-
cess, lots of measurements need to be done to obtain an accu-
rate distribution. With limited experimental data, we cannot
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obtain an accurate distribution. In this case, the kinetic param-
eters are difficult to obtain, even rough estimations.

Here we propose a systematic algorithm to obtain the op-
timized parameters based on the measured time trace directly.
We assume that the measured time trace has maximal probabil-
ity to appear among all possible time traces. In the algorithm,
the kinetic parameters are optimized to maximize the proba-
bility of the measured time trace. The optimized parameter
values are good estimates of their real values. We use the most
widely used Bell’s model and dynamic simulation of two-state
transitions to demonstrate the algorithm. Then we apply this
algorithm to the single molecular manipulation experiment of
a DNA hairpin.

2. Methods

2.1. Simulation of two-state model

The free energy landscape of the DNA hairpin (Fig. 1(b))
shows two states with local minimal free energy: the folded
hairpin state and the unfolded ssDNA state, which can transfer
to each other by crossing the transition state with the highest
free energy barrier. To test the probability optimization al-
gorithm, we used Monte Carlo simulation to obtain the time
trace of the DNA state. Under a constant force, the folding
rate and unfolding rate of the DNA hairpin are constant too.
In the simulation, if the current conformation is a folded DNA
hairpin, it transits to an unfolded ssDNA with probability k, At
in the time step of Ar. Similarly, if the current conformation is
an unfolded ssDNA, it transits to the folded haipin state with
probability k¢Af in the time step of Az. Time step Az is chosen
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to make sure k,Ar < 1 and kfAr < 1.
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Fig. 1. Sketch of a DNA hairpin structure and its free energy land-
scape. (a) A DNA hairpin construct is linked between a superparamag-
netic bead and a coverslip surface. The DNA hairpin construct will be
unzipped to the ssDNA state at a big stretching force, indicated by an
extension jump Az. (b) The free energy landscape of the DNA hairpin at
a force close to the critical force shows two energy minima representing
the hairpin state and ssDNA state, respectively. The distance between
the hairpin state and the transition state defines unfolding distance x,,
while the distance between the ssDNA and the transition state defines
folding distance xf.

If the force changes, the force-dependent transition rate
k(f) is usually described by Bell’s model!"!

k(f) = koexp(fx/ksT), (1)

where ko denotes the transition rate at zero force, f is the
stretching force, x is the transition distance, kp is the Boltz-
mann constant, and 7 is the absolute temperature. Parameters
ko and x define the force-dependent transition rate k(f), and
should be determined by a data analysis algorithm.

Based on Bell’s model, force-dependent unfolding rate
ku(f) and folding rate k¢(f) of the DNA hairpin can be trans-
formed to

ka(f) = ky, exp[(f_fc)xu/kBT]a ()
ke(f) = ky. exp[(fc — f)xe/ksT], 3)
where f is the critical force at which ky, = kr = k¢, and xy (x¢)

denotes the distance from the native state (unfolded state) to
the transition state (Fig. 1(b)).

In each cycle of the constant loading rate simulation,
the force increased from 6 pN to 13 pN with loading rate of
0.005 pN/s, 0.007 pN/s, 0.01 pN/s, 0.02 pN/s, and 0.05 pN/s,
then the force decreased from 13 pN to 6 pN with loading rate
of —0.005 pN/s, —0.007 pN/s, —0.01 pN/s, —0.02 pN/s, and
—0.05 pN/s, respectively.

2.2. Optimization algorithm

The time trace of states comes from a stochastic process.
Therefore, each specific time trace has a certain probability
to appear. The state transition process is a Markov process.
Therefore, the probability of a specific time trace of states S,

So, ..., Sy is given by

N-1
Ps, ..sy= H Ps; 515 (€]
i=1

where §; is the state of the i-th data point (S; = O denotes the
folded hairpin state, and S; = 1 denotes the unfolded ssDNA
state), and N is the number of data points. The probability of
time trace S1,952,...,Sy is a function of the kinetic parameters
in the model, such as k; and k¢ in the constant force process or
kg, fc, X, and x; in Bell’s model.

The nearest neighboring state S;,S;+; has four possible

combinations with probabilities

ky _ X
Jr— | — o (kutke)ar
01 = kf( e ),
P =1-P1,
kg _
P, _ 1— (ku+kf)Al
1,0 ku+kf( € )7
P171 =1 7P17().

When kyAr < 1 and ksAr < 1, the probabilities converge to

Py1 = kA,
Pyp = 1—kiAt,
P = kiAt,
Py = 1 —kAr.

We assumed that the recorded time trace has the maximal
probability among all possible time traces. The probability
(Eq. 4) can be maximized by adjusting the parameters that we
are interested in. The optimized parameters were supposed to
be good estimates of the real values. Note that for a long time
trace, probability (Eq. 4) has a very small value. Therefore, the

logarithm of P, . s, was used as the target function to avoid

float underflow failure. The Matlab program was used to max-
imize the target function with the tolerance 10~* on both the

target function and parameters.
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2.3. Experimental method

A small DNA hairpin with double-stranded DNA stem
shorter than 30 base pairs and single-stranded DNA loop can
be modeled as a two-state system: one folded DNA hairpin
state stable at low stretching force, and one unfolded ssDNA
state stable at high stretching force.!'l At critical force f,, the
probabilities of both states are 50%.

We used the previous reported method to build the DNA
hairpin construct.!”-''l' A DNA hairpin with sequence of 5’-
GAG TCC TGG ATC CTG TTTTTTTT CAG GAT CCA
GGA CTC-3’ was sandwiched between two GC-rich DNA
double helix handles with lengths of 228 bp and 361 bp, re-
spectively. The DNA hairpin construct was labeled with a
biotin and thiol group at each end. The thiol group end at-
tached to an SMCC-coated cover slip surface through a cova-
lent bond, while the biotin end was linked to a superparamag-
netic bead coated with streptavidin (dynalbead M280, Invitro-
gen).

Home-made magnetic tweezers were used to apply force
to the DNA hairpin construct. The magnetic tweezers con-
trolled the stretching force by changing the distance between
the permanent magnets and the sample.!'>"'4] Overstretching
transition of DNA handles at ~ 65 pN was used as an indica-
tor of a single DNA tether.!!>1) Upon unzipping of the DNA
hairpin, extension of the DNA construct increased by a well-
defined step size, which was determined by the hairpin size
and the stretching force. Extension decreased by the same step

size upon formation of the DNA hairpin structure.

3. Results

3.1. DNA hairpin unfolds and refolds in constant loading
rate experiment

In the magnetic tweezers experiment, after a single DNA
hairpin tether was confirmed by the overstretching signal at
~ 65 pN, we applied a constant loading rate of 0.09 pN/s to
increase the force from 8.26 pN to 13.13 pN (Fig. 2). At the
low force of 8.26 pN, the DNA stayed at the folded hairpin
state. With increasing force, extension of the DNA hairpin
jumped by a step size of ~ 16 nm at 9.8 pN, which indi-
cated the unfolding of DNA hairpin. Because the loading rate
was relatively slow, the DNA hairpin spontaneously refolded
to shorten the extension suddenly at 10.25 pN, and unfolded
again at 10.6 pN. At the high force of 13.13 pN, the DNA
stayed at the unfolded ssDNA state. After that, the force was
decreased with a loading rate of —0.09 pN/s. During the force-
decreasing process, the DNA hairpin refolded, then unfolded,
and refolded again. At 8.26 pN, the DNA returned to the ini-
tial folded hairpin state. The same force-increasing and force-

decreasing process can be recorded multiple times. Because
the nature of conformational transition is a stochastic process,
the recorded folding and unfolding processes in different cy-
cles are not identical.
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Fig. 2. (color online) Extension time trace of a DNA hairpin from the
magnetic tweezers experiment. The force increases from 8.26 pN to
13.13 pN with loading rate of 0.09 pN/s, then decreases to 8.26 pN with
loading rate of —0.09 pN/s (low panel). Two cycles of stretching are
shown. Extension of the DNA hairpin is recorded with ~ 200 Hz sam-
pling rate (black curve, upper panel). The red curve shows the smoothed
curve averaged in 0.1 second time window.

From such a quick measurement, it is difficult to obtain
accurate values of the dynamic parameters related to the force-
dependent transition rates, such as f;, xy, and x; in Bell’s
model. Usually, a series of measurements at different con-
stant forces must be carried out to obtain the force-dependent
folding rate k¢(f) and unfolding rate k,(f). Then fitting with
Bell’s model gives the dynamic parameters that we are inter-
ested in. Such a traditional method is usually time-consuming
and suffers from tether breakage. A model-based probability
maximization algorithm was designed to obtain the dynamic
parameters from a quick experiment.

3.2. Probability optimization algorithm applied to simple
two-state transition

To test the rationality of the proposed probability opti-
mization algorithm, we first applied it to the case of a simple
two-state transition.

At constant force, the measured time trace of the DNA
hairpin comes from a simple two-state model with constant
transition rates of k, and k;. We setky = 0.1 s~ 1, ks=0.2 51,
and obtained the state time trace by Monte Carlo simulation
(Fig. 3(a)). In the traditional method, the mean of dwell time
in the folded state (or unfolded state) gives the unfolding rate
(or folding rate) as the reciprocal of the respective mean dwell
time. While in the probability optimization algorithm, the
probability equation (Eq. 4) is maximized to obtain the op-
timized parameters of &, and k.
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Fig. 3. (color online) The optimization algorithm applies to simulation of simple two-state transitions. (a) State time trace obtained by Monte
Carlo simulation with parameters k, = 0.1 s~Vand ks =0.2s"". (b) Folding and unfolding rates obtained by the traditional mean dwell time
method are shown as functions of the average transition number from simulations of different time lengths. The error bar shows the standard
deviation of results from 100 simulations of the same time length. With increasing simulation time, the transition number increases, and the
results converge to the correct values (blue and red horizontal lines). (c) Standard deviations of &, and k¢ as functions of the average transition
number can be fitted by equation y = ax” with coefficients: k,: b = —0.52, k: b= —0.53. (d) Logarithm of probability converges to a maximal
value in the optimization process with initial values of k, = 1 s~! and kf = 4 s~!. (e) Folding and unfolding rates obtained from the probability
optimization method are similar to the results in panel (b). (f) Standard deviations of results from the optimization method can also be fitted by
equation y = ax? with coefficients: b = —0.50 for k, and b = —0.52 for k.

Here we estimated the standard deviation of the results
by multiple independent simulations. 100 independent time
traces were obtained with the same simulation time. From
each time trace, a set of parameters k, and kf were obtained
by the traditional method and the probability optimization al-
gorithm. Both mean and standard deviation were calculated
from 100 sets of obtained parameters.

The number of recorded transitions is proportional to the
simulation time. The average number of transitions was also
calculated. Figure 3(b) shows the results of k, and k¢ by the
traditional method as functions of the average number of tran-
sitions. With longer time trace, the average number of tran-
sitions increases, and the results converge to the input values
of ky and k¢. The standard deviation decreases with increasing
the number of transitions.

The probability optimization method gave results simi-
lar to the traditional method (Figs. 3(d) and 3(e)), which val-
idated the feasibility of the probability optimization method.
The probability optimization method works well for the sim-
ple two-state transition.

Figures 3(c) and 3(f) show the standard deviations of &
and k¢ as functions of the transition number, which we tried
to fit with function y = ax”. Fitting gave the coefficients
b= —0.52 (ky) and b = —0.53 (k¢) for the traditional method,
while b = —0.50 (ky) and b = —0.52 (k¢) for the probability
optimization method. The value of b is close to —1/2 as ex-

pected.

3.3. Probability optimization algorithm applied to con-
stant loading rate simulation

During the measurement, if the force varies, then the tran-
sition rates change with time too. Therefore, the traditional
mean dwell time method does not work. But the probability
optimization algorithm still can be applied if a proper model
is used to describe the force-dependent transition rates.

In a small force range, the transition rates usually follow
Bell’s model (Egs. (2) and (3), Fig. 4(a)). We set four pa-
rameters similar to those of DNA hairpin zipping and unzip-
ping transitions under force: k; = 0.29 s~!, f. = 10.3 pN,
xy = 7.1 nm, and xf = 7.7 nm. A series of time traces were
obtained by simulation in the force range from 6 pN to 13 pN
with five different loading rates of 0.005 pN/s, 0.007 pN/s,
0.01 pN/s, 0.02 pN/s, and 0.05 pN/s. In one simulation cycle,
a force-increasing process was followed by a force-decreasing
process. 100 cycles were simulated for each loading rate. The
slower the loading rate, the more transitions were recorded in
each simulation cycle. In each cycle, at 6 pN, the state always
stayed at the folded hairpin state; while at the largest force of
13 pN, the DNA always stayed at the unfolded ssDNA state
(Fig. 4(b)).

We optimized the parameters from the initial values of
kr, =1s7!, f. =8 pN, x, = 7 nm, and x; = 9 nm. Along with
the optimization process (Fig. 4(c)), the probability increased
and finally leveled off, then we obtained the optimal parame-
ter values. For each cycle, a set of optimized parameters can
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be obtained. Therefore, 100 values for each parameter were
obtained from the 100 cycles of simulations, which were used
to calculate the mean and standard deviation of each parame-

ter. Figure 5 shows that the probability optimization method
gives parameters converging to the simulation parameters with
increasing number of transitions, which is reasonable.

104 1} (b ~_unfolded
] (a) s | ® state 01(c)
E fe ky %3 hairpin E
T 1013 ,/ state = —3000
' ] ot =
I ' ' : : g
2 102 2 127 5 0000
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10-5 +— ; ' - . ' s s
6 8 10 12 14 0 400 800 1200 0 30 60
Force/pN Time/s Iteration

Fig. 4. (color online) Simulation of transition at constant loading rate and optimization method. (a) Force-dependent folding and unfolding
rates (Egs. 2 and 3) of DNA hairpin with parameters ky, = 0.29 s7!, fe =10.2 pN, x, = 7.1 nm, and x; = 7.7 nm. (b) State time trace at loading
rate of 0.01 pN/s. The force increases from 6 pN to 13 pN, then decreases to 6 pN. (c¢) Logarithm of probability converges to a maximal value
in the optimization process with initial values of ky, =1 s~!, fo =8 pN, x, = 7 nm, and x; = 9 nm with optimized parameters shown in Fig. 5.
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Fig. 5. (color online) Results of the probability optimization algorithm
for constant loading rate simulations. Optimized parameters (a) fc, (b)
ky,, (c) xf, and (d) x, are shown as functions of the average transition
number from simulations of different time lengths. The error bar shows
the standard deviation of results from 100 simulations of the same time
length. The red lines are set values of simulations: f; = 10.3 pN,
kg, = 0.29 s, xp=7.7nm, x, = 7.1 nm.
3.4. Optimization algorithm analyses of experimental data
under variable force

We applied our algorithm to experimental data of DNA
hairpin folding and unfolding dynamics under variable forces
which is difficult to analyze reliably. We conducted a set of
experiments with eight cycles (Fig. 2). In each cycle of the ex-
periment, the force increased from 8.26 pN to 13.13 pN with
loading rates of 0.005 pN/s, 0.01 pN/s, and 0.02 pN/s, then the
force decreased from 13.13 pN to 8.26 pN with loading rates
of —0.005 pN/s, —0.01 pN/s, and —0.02 pN/s, respectively.

In the extension time trace, the state of the DNA hairpin at
each time point was determined from the extension and sharp
folding and unfolding transitions. By applying the optimiza-
tion algorithm on the experimental data, the results of fc, k.,
x¢, and x, are obtained and shown in Fig. 6 as a function of

the average transition number, together with the standard de-

viation as the error bar. We can utilize all experimental data
available to optimize the combined probability, which is sup-
posed to give us the most accurate results of kg, = 0.12 s71,
fe=9.5pN, xy, = 7.3 nm, and x; = 6.2 nm.
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Fig. 6. (color online) Optimization algorithm analyses of experimental
data under variable forces. Optimized parameters (a) fc, (b) ky,, (¢) xu,
and (d) x¢ are shown as functions of the average transition number from
experiments of different constant loading rates: 0.01 pN/s, 0.02 pN/s,
and 0.005 pN/s. Each point is obtained from eight cycles. By opti-
mizing the whole experiment data of the three different loading rates
with about 1164 transition numbers, we obtain the optimized parame-
ters values: k7, = 0.12 sl fe =9.5pN, xy = 7.3 nm, xf = 6.2 nm (red
horizontal lines).

4. Discussion and conclusion

We have proposed a probability optimization algorithm,
which highly improves the efficiency of experimental data
analysis, especially for limited experimental data from which
a smooth distribution cannot be obtained. The algorithm was
verified by simulation of two-state transitions and applied to
experimental measurement of DNA hairpin unzipping. For the
simulation data under both constant force condition and force-
loading cycle condition, reasonable results were obtain with
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very limited data. The results converged to preset parameter
values with increasing transition numbers recorded. For the
real experiment of the DNA hairpin, the kinetic parameters
were obtained with accuracy estimation.

The idea of maximum probability comes from thermody-
namic principles. It is strict for a long time trace with an in-
finite number of transitions. While for a short time trace with
a limited number of transitions, it already gives us good esti-
mates of the kinetic parameters. For the same system, prob-
abilities of multiple time traces can be combined together by
multiplication. Therefore, all measurements can be utilized to
get an estimation of the kinetic parameters. The results will
gradually converge to the true value with increasing experi-
mental data.

In magnetic tweezers, the force is controlled while the ex-
tension is measured.!'3!7) In optical tweezers or atomic force
microscopy experiment, the molecule is pulled by changing
the position of the optical trap or distance between the sample
and the cantilever, at the same time the force is measured. (%8
For both cases, the maximum probability algorithm can be ap-
plied to determine the model parameters if a proper model is
used to describe the force-dependent state transition rates.

The simple mean dwell time method can only be applied
to experiments with fixed transition rates, such as the con-
stant force experiment. While the probability optimization
method can be used to analyze experimental data under any
conditions, such as constant force, constant loading rate, and
constant pulling speed conditions. Comparing with a Monte
Carlo simulation and the unfolding force histogram compari-
son method, the probability optimization method does not re-
quire a large amount of data to obtain a smooth distribution.
Both the Monte Carlo simulation method and the probability
optimization method rely on a correct model to describe the
force-dependent transition rates. In this paper, Bell’s model is
used to demonstrate the application. The probability optimiza-
tion method is model-dependent, which might give a meaning-

less result when using an improper model. In this case, a se-
ries of constant force measurements is the most direct method
to get the force-dependent transition rate.!*! Dudko’s model-
independent method also works well if enough experimental
data can give a smooth force distribution over the interesting
force range. ('8!
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