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ABSTRACT: Single-molecule force spectroscopy has become a  “°[ 50— T 7 — ' " Ttansition
powerful tool for the exploration of dynamic processes that involve “f;;:';" L ' :

proteins; yet, meaningful interpretation of the experimental data —
remains challenging. Owing to low signal-to-noise ratio, exper-
imental force-extension spectra contain force signals due to
nonspecific interactions, tip or substrate detachment, and protein
desorption. Unravelling of complex protein structures results in the
unfolding transitions of different types. Here, we test the
performance of Support Vector Machines (SVM) and Expectation
Maximization (EM) approaches in statistical learning from o a o . . R
dynamic force experiments. When the output from molecular Extension, nm Unfolding force, pN
modeling in silico (or other studies) is used as a training set, SVM

and EM can be applied to understand the unfolding force data. The maximal margin or maximum likelihood classifier can be used to
separate experimental test observations into the unfolding transitions of different types, and EM optimization can then be utilized to
resolve the statistics of unfolding forces: weights, average forces, and standard deviations. We designed an EM-based approach,
which can be directly applied to the experimental data without data classification and division into training and test observations.
This approach performs well even when the sample size is small and when the unfolding transitions are characterized by overlapping
force ranges.
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B INTRODUCTION In single-protein assays, the one end of a protein molecule is
tethered to a surface or microscopic tip while the other end
interacts with the tip or a surface. In the force-ramp assays, the
applied pulling force f(t) = rt used to induce the mechanical
unfolding reactions in proteins is linearly increasing in time ¢
with the force-loading rate ; = kv, that depends on the pulling
velocity v Each unfolding transition in protein domains is
accompanied by a tension drop in the polypeptide chain, and so

Intra- and extracellular proteins use mechanical forces in diverse

cellular processes, ranging from replication, transcription, and

translation' to protein degradation,”™* to cytoskeleton sup-

port,”6 to cell adhesion and cell motility,7’8 to formation of the
.9 . . 10-14

extracellular matrix,” to muscle contraction and relaxation,

and to blood clotting.ls_20 Although considerable efforts have

been expended by experimentalists and theoreticians to the force-extension profile (FX curve) exhibits the characteristic
elucidate how proteins alter their shape and conformation in sawtooth-like pattern. The FX curve displays multiple force
response to the external mechanical factors, understanding the maxima (peak forces), fl(Xl)) fz(Xz); - fn(Xn), each peak
interplay between the dynamics of proteins and their structural marking the unfolding transition in a particular protein domain.
changes continues to be one of the major frontiers of research. Therefore, the force-extension spectra can be viewed as proteins’
Atomic Force Microscopy (AFM),”'™*° optical tweezers,”*™>’ mechanical fingerprints in dynamic force spectroscopy experi-
and magnetic tweezers’’ > have been employed to access ments on proteins. For example, the peak-to-peak distances,
conformational transitions in proteins to mechanically unfold

proteins and to rupture protein complexes. These experiments, Received: March 16, 2021

in which the mechanical response of the protein is monitored by Revised:  May 16, 2021

pulling a protein molecule with a constant force (force clamp) or Published: June 2, 2021

constant force-loading rate (force ramp),” yield information

about the dynamic transitions that occur on the nanometer

length scale under the influence of pico-Newton forces.>®
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which correspond to the force-induced elongation of a
polyprotein, carries information about the size and structure of
unfolded domains. The peak forces provide information about
the mechanical stability of protein domains and unfolding
energies. The interpeak distances and peak forces can be
combined to illuminate the details of free-energy landscape.”

Although single-molecule experiments are low throughput,
their main advantage over the more traditional bulk measure-
ments is that these experiments reveal the entire probability
distributions of molecular characteristics, such as the distribu-
tions of unfolding forces, rather than the average quantities. This
is important given that the protein folding and unfolding are
stochastic processes. The single-molecule experiments have
been used to provide insights into the mechanical stability and
unfolding pathways for a wide range of proteins involved, e.g,, in
force generation in molecular motors,*” cell signaling,38_40
formation of cell adhesion complexes,”" and protein degrada-
tion.”*>" Nevertheless, accurate interpretation of the single-
molecule force experiments remains challenging. For example, it
is difficult to distinguish the unfolding transitions from the “non-
specific events” due to sample contamination and tip—surface
interactions, contributions to the force signal from several
unfolding transitions (rather than single transition) that occur
simultaneously, efc. An attractive option is to use protein
tandems of head-to-tail connected (identical or different)
protein domains, D, — D, — ... — D,, but there are challenges
associated with the Order Statistics nature of the unfolding
forces.**~*

To improve the statistical significance of the protein unfolding
data, the force-extension spectra gathered together from
different single-molecule force measurements are filtered to
include only those spectra that (i) look appealing with minimal
tip—surface interactions, (ii) show a large number of unfolding
events (force peaks), and (iii) display the strong first and (or)
last detachment peak(s) due to protein desorption from the
substrate surface.”® These multiple quality assessments are at
most qualitative and subjective, which reduces the scope of
potential information gain. Experimentalists gather many
hundreds of the force-extension spectra, which contain
thousands of data points (peak forces and peak-to-peak
distances). However, due to data selection described above,
nearly 90—95% of experimental data are discarded, and only 5—
10% of data are analyzed, which creates a bias and introduces a
human error. In recent years, supervised and unsupervised
Statistical Learning (or Machine Learning) has emerged as a
collection of powerful quantitative tools, both for interpretation
and modeling of complex data sets.”” In the past two decades,
Statistical Learning has been increasingly more used in a variety
of scientific disciplines, including biology,””>' material
science,”” ™ and chemistry.”>*’

Here, we explore the applicability of several powerful
approaches to unsupervised and supervised learning to classify
and characterize the experimental forced unfolding data from
single-molecule force-ramp assays. We propose an approach, in
which the results of mechanical testing experiments in silico (or
other studies) are used as training data. We compare the
performance of Support Vector Machines (SVM)- and Expect-
ation—Maximization (EM)-based methods to understand
complex unfolding force data for multidomain proteins and
polyproteins. As a prototype of a polyprotein formed by
connected protein repeats, we use a dimer (WW), formed by the
all-f-sheet domain WW.**"°' As a model of large multidomain
protein with complex structure, we use human fibrinogen
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(Fg).” To carry out various case studies, we use the output from
dynamic force experiments in silico for the dimer (WW), and for
the Fg monomer, as well as the experimental forced unfolding
data for the Fg monomer.’® We show that SVM and EM can be
used with success to understand the experimental forced
unfolding data. Tests of performance and accuracy reveal that
the SVM and EM approaches are suitable statistical learning
tools for describing the experimental FX spectra even when the
sample size is small. The developed SVM and EM approaches
perform well even when protein unfolding data are complex, i.e.,
characterized by multiple unfolding transitions of different
types, and when the FX spectra are noisy. We also propose a
simple EM-based approach to understanding the experimental
forced unfolding data. This approach does not involve
traditional data classification and data division into the training
and test observations, and it can be applied even when the
sample size is small and when the unfolding transitions of
different types are characterized by overlapping force ranges.
Taken together, the results obtained demonstrate that the SVM
and EM method allow for accurate interpretation of the
unfolding force data. Given their conceptual simplicity, the
SVM and EM based approaches can be easily implemented in
single-molecule experimental setting to model the single-protein
unfolding data.

B MATEARIALS AND METHODS

Molecular Modeling. Coarse-Grained Models for (WW),
and Fg. We used the C,-based Self-Organized Polymer (SOP)
models®* for the dimer (WW), formed by two WW domains
(Figure 1) and for fibrinogen monomer (Figure 2). The WW
domain (34 amino acids) was studied experimentally”®*” and
computationally’>" to describe folding and unfolding of the -
sheet proteins.58’65 The dimer (WW), is constructed by
connecting the N- and C-termini of the adjacent WW domains
using linkers of four neutral residues (Figure 1). Fibrinogen Fg
(1925 residues) is a blood plasma protein, which consists of
pairs of Aa chains, BA chains, and y chains, linked by the
disulfide bonds®® (Figure 3b). The two distal globular regions
and the central globular region of fibrinogen are connected by
the a-helical coiled coils; each globular region at both ends of the
molecule contains the f-nodule and the y-nodule. The forced
unfolding transitions in human fibrinogen molecule have
studied both experimentally and theoretically.®®

In the SOP models of (WW), and Fg, each amino acid is
represented by its C,-atom with the C,—C, bond distance of a =
3.8 A, which corresponds to the length of a peptide bond. The

poggrg;iﬁag energy for protein conformation Vyop is given
by 0/,

ATT REP
Vmor = Veeng + Vs + Vs

-1 0 \2
Qz k_, (ri,i+1 - ri,i+1)
- —R," logfl - ————

=1 2

2
R,
Q-3 M /0 12 /0 6
ij ij
585 2]
r. r. /
i=1 j=i+3 ij ij
Q-2 Q-3

+

i=1

M 6
o

Z 81[—] (1- Ail.)

j=i+3 i

6
c
S|
Tit2

(1)

https://doi.org/10.1021/acs.jpcb.1c02334
J. Phys. Chem. B 2021, 125, 5794—5808


pubs.acs.org/JPCB?ref=pdf
https://doi.org/10.1021/acs.jpcb.1c02334?rel=cite-as&ref=PDF&jav=VoR

The Journal of Physical Chemistry B

pubs.acs.org/JPCB

801 -
Z 60 i
o
8" L
St
4 4o—® .
20 -
@ L Il | L | L |
00 5 10 15 20 25

Extension, nm

Figure 1. Forced unfolding transitions in dimer (WW),. Panel a:
Schematic representation of (WW), formed by two C-terminal-to-N-
terminal connected WW domains (in blue and green colors) through
flexible linkers (in gray) in the folded state (snapshot 0), partially
unfolded conformations (snapshots 1—3), and unfolded state (snap-
shot 4) are shown. In mechanical testing in silico on (WW),, the time-
dependent force f(t) = rt is ramped up at the C-terminal end of the
second WW domain (right), while the N-terminus of the first WW
domain (left) is constrained. The forced unfolding transitions in WW
domains occur in two steps: unfolding of the small loop (residues
Thr29—Gly39; shown in light blue and light green) in WW domains
(transition type 1; snapshots 1 and 3) and unfolding of the large loop
(residues Lys6—1I1e28; in blue and green) in WW domains (transition
type 2; snapshots 2 and 4). See Table SI in the Supporting Information
for more detail. In snapshots 0—3, the intact (unfolded) structures are
shown in solid circles (dashed rectangles). Panel b: Representative FX
spectra for dimer (WW), (shown in black and red color), obtained from
dynamic force experiments in silico, are overlaid to demonstrate the
stochastic nature of unfolding transitions. The force peaks for unfolding
transitions of types 1 and 2, numbered 0—4, correspond to the
accordingly numbered snapshots in panel a.

where 7, represent the coordinates of residues i = 1, 2, .., Q. The
distance between interacting residues i and i + 1is r;;,;, and rg,- "
is its value in the native (PDB) structure. The first energy term in
eq 1 is the finite extensible nonlinear elastic (FENE) potential

N5, which describes the backbone chain connectivity; Ry =2 A
is the tolerance for the bond length change, and k = 14 N/m is
the force constant. The second term in eq 1 is the Lennard-Jones
potential Va5, which accounts for the native interactions that
stabilize the folded state. If the noncovalently linked residues i
and j (li — jl > 2) are within the cutoff distance R in the native
state, i.e., 1 < R, then Aij = 1, and zero otherwise. All the non-
native interactions described by the third term in eq 1 are treated
using the repulsive Lennard-Jones potential Vi . Additional
constraint was imposed on the bond angles formed by residues i,
i+ 1, and i + 2 by including the repulsive potential with
parameters & = 1.0 kcal/mol and ¢ = 3.8 A, which quantify,
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Figure 2. Forced unfolding transitions in Fg monomer. Panel a:
Unfolding transitions of types 1—3 in Fg (summarized in Table SII)
shown for the right half of Fg molecule. The time-dependent force f(t)
= r;t is applied at the (right) C-terminal part of the y chain (tagged
residue yGly395), while residue yIle394 is constrained in the other
(left) C-terminal part of the y chain. The N-terminal (y139—y234) and
C-terminal (y311—y381) parts of the y-nodule are shown in dark and
light green, respectively; the central region (y234—y311) is shown in
yellow. The folded state (snapshot 0) becomes destabilized, which
results in a series of unfolding transitions displayed using snapshots 0—
3. These snapshots, which correspond to the accordingly numbered
force peaks in the FX spectra in panel b, show the following unfolding
transitions: unraveling of the central part of the y-nodule (transition
type 1; snapshot 1), unfolding of the C-terminal part of the y-nodule
(transition type 2; snapshot 2), and unfolding of the N-terminal part of
the y-nodule (transition type 3; snapshot 3). Panel b: Representative
FX spectra for Fg monomer (displayed in different color for clarity)
obtained from mechanical testing in silico. The force peaks numbered as
1—3 corresponding to the transitions of types 1—3 in panel a. The inset
shows structural details of Fg molecule: the central nodule, y-nodules,
p-nodules, disulfide rings, and the y—y-cross-linking sites.

respectively, the strength and the range of repulsion. To ensure
the self-avoidance of the polypeptide chain, we set ¢ = 3.8 A in
third and fourth potential energy terms in eq 1.
Parameterization of SOP Models for (WW), and Fg. The
SOP model of (WW), was derived from the atomic structure
(Protein Data Bank (PDB) entry: 1PIN®). Two different
parametrizations were used. In model M1, we used &, = 1.5 kcal/
mol to specify the strength of nonbonded interactions (see eq
1). In model M2, we set &, = 2.4 kcal/mol for the small loop
(Thr29—Gly39), and &, = 0.6 kcal/mol for the large loop
(Lys6—11e28). The SOP model of human Fg was derived from
the atomic structure (PDB entry 3GHG"") and was para-
metrized as described in ref 63. The native contacts were divided
into the following groups: (1) contacts in the central f-sheet of
the y-nodule, including residues y189—197, y243—284, and
7380—389 in the C-terminal ff-strand (group 1); (2) contacts in
the C-terminal part of the y-nodule (y284—380; group 2); (3)
contacts in the N-terminal part of the y-nodule (y139—189 and
y197—243; group 3); (4) contacts in the a-helical regions in the

https://doi.org/10.1021/acs.jpcb.1c02334
J. Phys. Chem. B 2021, 125, 5794—5808
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Figure 3. Characterizing unfolding transitions in dimer (WW), and Fg
monomer with maximum margin classifier (Case Study 1). Shown are
scatterplots of the unfolding forces versus the peak-to-peak distances
from test sets D, characterizing the unfolding transitions in (WW),
(panel a) and Fg (panel b). The separating hyperplanes (black lines)
divide the data into different classes: unfolding transitions of type 1
(green data points) and type 2 (red) for (WW), (panel a; see Figure 1)
and the unfolding transitions of type 1 (green data points), type 2 (red),
and type 3 (blue data points) for the Fg monomer (panel b; see Figure
2). Some of the misclassified data points are shown in solid circles. Also
shown are the separating hypersurfaces (blue curves) obtained using
SVM classifier with the polynomial kernel of degree S (see the
Supporting Information for more detail).

coiled-coil connectors (a45—200, f76—197, and y19—139;
group 4); and (5) contacts in the central nodule (a27—44, 58—
75, and y14—18; group 5) and in the f-nodules ($198—461;
group S). The following values of &, were used to describe these
contacts: &, = 0.7, 1.2, 1.6 kcal/mol for groups 1, 2, and 3,
respectively, and &, = 1.3 kcal/mol for groups 4 and S.
Single-Molecule Dynamic Force Experiments in Silico. The
unfolding dynamics of dimer (WW), and Fg monomer was
obtained by integrating the Langevin equations of motion for
each amino—acid residue position r; in the overdamped limit,

S% = —Z—: + g(t), where V= Vyo, — fX is the total potential

energy Vyor due to polypeptide chains (i.e, molecular potentials
for (WW), or Fg) and the potential energy fX due to applied
pulling force f, g(t) is the Gaussian distributed zero-centered
random force, which describes random collisions of amino acids
with solvent molecules, and & is the friction coefficient. To
mimic the dynamic force-ramp measurement for dimer (WW),
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in vitro, the N-terminal C,-atom of the left WW domain was
constrained and a time-dependent force f(t) = fn with the
magnitude f = 7 was applied to the C-terminal C,-atom of the
right WW domain in the direction n coinciding with the
direction of the end-to-end vector X (Figure 1). For the Fg
monomer, the left end of the molecule (yIle394) was
constrained and force f(t) was applied at the right end of the
molecule (yGly39S) in the direction coinciding with the
direction of the end-to-end vector. The Langevin equations of
motion were propagated forward with the time step At =20 ps.
Pulling simulations were carried out at room temperature (T =
300 K) using the bulk water viscosity, which corresponds to the
friction coefficient § = 7.0 X 10° pN ps/nm. We used the
experimental values of the cantilever spring constant k = 35 pN/
nm and the pulling speed v; = 10 ym/s, which translates to the
force-loading rate re= kvy= 350 nN/s.

Analysis of Simulation Output. For models M1 and M2,
WW domains undergo unfolding from the native (folded) state
(F) to the unfolded state (U) in two steps, F — I — U, where L is
the intermediate (partially unfolded) conformation. The
unfolding transition of type 1 corresponds to unraveling of the
small loop (Thr29—Gly39; Figure 1). The unfolding transition
of type 2 corresponds to unraveling of the large loop (Lys6—
Ile28; Figure 1). A summarized description of unfolding
transitions in dimer (WW), is presented in Table SI in the
Supporting Information. The Fg molecule undergoes forced
unfolding in three steps, F — I}, = I, = U, with two intermediate
structures I; and I,, which correspond to the following types of
unfolding transitions (see Table SII): (1) separation of the C-
and N-terminal parts of y-nodule (transition type 1), (2)
unfolding of the C-terminal part of y-nodule (transition type 2),
and (3) unfolding of its N-terminal part of y-nodule (transition
type 3). The force peaks for (WW), and Fg were sorted into two
and three groups, respectively, according to the type of
unfolding transition they represent. The peak forces and peak-
to-peak distances were evaluated for each transition types 1 and
2 for (WW), and for each transition types 1-3 for Fg. The
histogram-based estimates of the probability density functions
(pdfs) of unfolding forces for (WW), and Fg were constructed
using the Freedman—Diaconis rule for the bandwidth
selection.”””" We used nonparametric density estimation®>%*

M lK(u>, where h is

with the kernel density (oK(f ) = ﬁ zi:l p ;

the bandwidth and K(f) = exp(—f;) /27 is the normalized

Gaussian kernel function. We set the bandwidth to h = M~/5.7?

Statistical Learning. Support Vector Classifier. We
employed the Support Vector Classifier (SVC) method to
classify the unfolding force data into the unfolding transitions of
types 1 and 2 for (WW), and types 1-3 for Fg. For a d-
dimensional space of input variables, one attempts to find a
hyperplane of the dimension d — 1, which has the largest
distance to the nearest data points, called the maximum margin,
in the training set.”” In the 2-dimensional case of the unfolding
force separated by the peak-to-peak distance, {(f;, x,), (f2 x,),
s (fs#a)}, a hyperplane is a one-dimensional subspace (line),
which has the maximum distance between the data points from
different classes (unfolding transition types). The maximal
margin classifier is defined by the equation of a line:

by + bx + byf =0 ()

with constant parameters by, b, and b,. Equation 2 divides the
data into two halves, and so they define the SVC and the

https://doi.org/10.1021/acs.jpcb.1c02334
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decision rule, which assign a class (transition type) to which a
particular data point (unfolding force) belongs. If for any pair of
data points (f;, x;) and (f}, x;) the classifier by + b, x; + b, (f; > 0)
while by + by x; + b, (f] < 0), then these data points end up on
different sides of the hyperplane (belong to different classes).
We also implemented Support Vector Machines using higher
order polynomials of a degree 2, 3, 4, and S (see the Supporting
Information).

Expectation—Maximization Method. Assume a bivariate
normal density N(f A, o5, 0 04;) and prior probability 7, for
each unfolding transition type j for the vector (f, x) of unfolding
force f and peak-to-peak distance x. Let p denote the mixture
density for the vector (f, x). Application of the EM method”*”*
is based on specifying the initial values for the mean vectors y;
standard deviations o;; and o, covariances oy, and prior
probabilities 7. In the first (expectation) step, the log-likelihood
of expectation

]
Z mN(f, x'/‘y Tjj» Oy Ofig)

j=1

M
hl[P(F; Xly, o, ”)] = Z In
i=1
()
is calculated. Here, F, X = {(f}, x1), «.(fam %) }are pairs of
unfolding forces and peak-to-peak distances, g = {py, ..., iy } =
{(ﬂﬂ; 1)y oo (ﬂfp //‘x])}; o= {(O'fl; Ox1y Gfxl)) w (Gfp Oypy fo])}:
and 7 = {7}, ..., 7;} are, respectively, the average unfolding forces
and average peak-to-peak distances, standard deviations and
covariances, and prior probabilities for the unfolding transitions
of typesj= 1,2, ..., ]. The log-likelihood In[p(F,Xlp,6,7)] for test
observations is calculated using the estimates for parameters
describing the unfolding transitions of type j. Next, the posterior
probabilities ¥} for each transition type j

AN, 0 0 3 )

7,_1'

ZizlﬂkN(fif %l Ops O Gka) 4)

are calculated. In the second (maximization) step, one finds new
values of y;, oy, 0, 0py and 7; for each transition type j that
maximize the log-likelihood:

Zf\:l yij(fi’ xi)

new

I o
’ PINA ©
M j new
oY — Zi=1 %J(ﬁ - 'ujl >
5= —
Zi:l }/l] (6)
Unew _ zf\il J/zj(xl - :uj;ew >
Xj - N -
Zi=l J/l] (7)
M j new new
new __ Zi=1 yl}(fl - fl )(x, - ,MI.Z
Of S
i=1 yz (8)
M
n,jnew — Z,‘zl 71
J )

The expectation and maximization steps are repeated until
convergence is reached, i.e,, when the difference between the old
and new values of the average unfolding force is less than 0.1 pN,
e, || — ,u}‘-’ldH < 0.1 pN, for all transition typesj=1, 2, ..., J.
We used the following two versions of EM algorithm. In the first
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case, all parameters (ie., 7, W, o5 0, 0f,; and 7)) for all
transition types j = 1, 2, ..., J are allowed to change. In the second
case, all parameters except for the prior probabilities 7; are
allowed to change (7; are kept at their initial values). Although
the EM method attempts to find T, Wy Of O, and Oy for
bivariate normal densities, in this work we are concerned with
the (marginal) distributions of unfolding forces characterized by
the univariate normal densities NV(f |ﬂfj , Uﬁ) with parameters 7,

”fj’ and 6fi’

B RESULTS

Dynamic Force Experiments on (WW), and Fg. In model
M1 for (WW),, we used &}, = 1.5 kcal/mol for all native contacts,
which sets the strength of the nonbonded interactions (eq 1).
The unfolding transitions are the two low and two high peaks as
observed in the FX profiles (Figure S1). Because one of the main
objectives of this study was to describe unfolding data
characterized by overlapping ranges of unfolding forces, we
increased the strength of native contacts in the small loop and
decreased the strength of contacts in the large loop (Figure 1). In
model M2, we set &, = 2.4 kcal/mol and &}, = 0.6 kcal/mol for the
native contacts in the small and large loops, respectively. For
model M2, the FX profiles show four force peaks of nearly equal
height (two peaks per WW domain; Figure S1b). Using models
M1 and M2, we carried out Langevin simulations of the forced
unfolding for (WW),, and construct a total of 100 FX spectra
(Figure S1c), each containing four unfolding forces separated by
peak-to-peak distances. The FX profiles for model M2 for
(WW), along with a schematic of mechanical testing i silico are
displayed in Figure 1, which also shows the native state, partially
unfolded structures, and the unfolded state. A schematic of
mechanical testing of Fg monomer is displayed in Figure 2a,
which also shows the native conformation for the right half of
fibrinogen monomer, stretched conformations with unraveled
central domain of the y-nodule (transition type 1), with
unfolded C-terminal part of the y-nodule (transition type 2),
and with unfolded N-terminal part of the y-nodule (transition
type 3); see Table SII. The output from single-molecule
experiments and pulling simulations for Fg®® was used to
characterize the FX spectra (Figure 2b). Typical simulated FX
spectra for Fg monomer are displayed in Figure 2.

Constructing Data Sets for (WW), and Fg. Here, we
summarize all the data sets used in Case Studies 1—5 below.
Data sets for (WW),-simulated FX curves (Figure 1b and Figure
S1) were used to form combined data set D (M = 400), which
was divided into data sets D; (M, = 200) and D, (M, = 200) for
the unfolding transitions of types 1 and 2. We randomly divided
the combined data set D into training set Dy, (Myqin= 200) and
test set Dygyy (M= 200). Data from D, were subdivided into
data subsets Dy 1 (Mirgin1 = 100) and Dy 5 (Migain o = 100) for
transitions of types 1 and 2. The maximal margin classifier
(SVC) was based on Dy, and was applied to D (Case Study
1; Figures 3 and 4). D,y 1 and Dy, , were used to estimate the
average forces yij; and average peak-to-peak distances y1,; and the
standard deviations of; and o, (EM; Case Study 3). SVC
classifier was used to divide D, into two classes: Dfm and
Dfes"lﬁ These were used to construct the marginal histograms and
nonparametric densities of unfolding forces for transitions of
types 1 and 2, p,(f) and p,(f) (Case Study 3; Figure 4). Using
Dypiny we classified unfolding forces in D, and D, for the
unfolding transitions of types 1 and 2. These data sets were used
to construct nonparametric densities of unfolding forces for
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Figure 4. Performance of SVM and EM in modeling unfolding force
data for dimer (WW), (Case Studies 2 and 3): Compared for (WW),
are the histograms (bars), nonparametric densities (thin curves), and
theoretical pdfs (thick curves) of unfolding forces (see Figure 1b and
Figure S1) obtained from the pulling simulations for (WW), using
SVM (panels a-c) and EM (panels d—f). The histograms are overlaid
with nonparametric density curves. The following data sets are shown
as gray histograms: combined data set Dy (M = 200; panels aand d),
and data sets Dtsm (M(Sm = 110; panel b), D§QSV£§_ Mtse\% = 90; panel ¢),
Dy, (M, = 138; panel e), and Dy, (Mpss, = 62; panel f). We
compare the histograms and density estimates with theoretical pdfs of
unfolding forces for weighted superposition 2}. ﬂjN (f; I/tﬁ, D'ﬁ) obtained

with SVM (panel a) and EM (panel d) and for the unfolding transition
of typesj=1and 2, N(ft I/,tﬁ, D'ﬁ), obtained with SVM (panels b and c)

and EM (panels e and f): j= 1 (panelsband e), j = 2 (panels cand f). In
panels e and f, theoretical pdfs obtained with fixed prior probabilities
(solid curves) and variable prior probabilities (dashed curves) are
compared for unfolding transitions of types 1 and 2. In panels b and ¢
and e and f, the colored transparent histograms represent actual
unfolding force data for the transitions of type 1 (data set D}, M;=200)
and type 2 (data set D,, M,= 200).

transitions of types 1 and 2 (Figure S3). We used p;(f) and p,(f)

and the maximum likelihood estimation

B(f) =lnp.(f) and j = argmaxp(f)
1 ] 1 . } 1

j (10)
to subdivide D, into data subsets Dy, (M, = 138) and
Dy, (M, = 62) for the transitions of types 1 and 2 (Case
Study 3; Figures 3 and 4). Using D, and D,, we randomly
selected 100 unfolding forces to construct combined data set
D(ww), which was used to evaluate performance of EM

algorithm (Figure 7). Using this set, we constructed data sets
Dawwy,1 (Maww),1 = 50) and Dgyw),» (Mww),» = 50) for
transitions of types 1 and 2.

Data sets for Fg-Experimental FX spectra for Fg63 were used
to form combined data set D, (Mexp= 20 193; Figure S3a).
Using D, we constructed data set Dy, (Mgoo= 15 023), which
excludes data that correspond to large unfolding forces >500 pN
and long peak-to-peak distances >100 nm (Case Study 4; Figure
5). Next, we constructed data set D,q, (Myy = 4572), which
excludes forces below 30 pN and above 200 pN and distances
shorter than 9 nm and longer than 62 nm (Case Study 5; Figure
6). Simulated FX spectra for Fg® were used to construct
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Figure S. Performance of SVM and EM in modeling 0—500 pN
unfolding force data for the Fg monomer (Case Study 4). Compared
are the histograms (bars) of unfolding forces in the 500 pN range from
single-molecule experiments for Fg, ® nonparametric densities (thin
curves), and theoretical pdfs (thick curves) of unfolding forces obtained
with SVM (panels a—d) and EM (panels e—h). The following data sets
were used: combined data set Doy (Mo = 15 023; panels a and e), and
data sets Dg?,/(l,\ﬁ (Mggéf’l1 = 21685; panel b), Dg})%_ (Mggé‘g =913; panel c),
DiM (Mggé\g =11 495; panel d), D%Ia,l (Ml;‘g(,‘I = 1862; panel f), D%]ayz
(MSOI(;/Z = 3837; panel g), and DISV(IJB& (MISV([)%ﬁ = 9324; panel h). We
compare the histograms and density estimates with theoretical pdfs of
unfolding forces for weighted superposition Zi TN (f, |/tﬁ, Uﬁ) obtained

with SVM (panel a) and EM (panel e), as well as for the unfolding
transition of types j = 1, 2 and 3, N(f: |ﬂﬁ, aﬁ), obtained with SVM

(panels b—d) and EM (panels f—h): j = 1 (panels b and f), j = 2 (panels
cand g), and j = 3 (panels d and h). In panels e—h, theoretical pdfs
obtained with fixed (solid curves) and variable (dashed curves) prior
probabilities are compared for the unfolding transitions of type 1, type
2, and type 3.

combined data set Dy, (My,= 82) and data subsets Dy,
(Msim,l =24), Dyim2 (Msim,Z =31), and Diim3 (Msim,3 =27) for
unfolding transitions of types 1, 2, and 3. These were used to
assess performance of the EM method (Figure 7). Dy, was
randomly divided into training set D, i, (M, = 41) and test set
Dyoit (Mo = 41). Using Dy, we created data sets Dy 1 (Miain 1
= 12), Dhrain2 (Mtrain,z = 15), and Draing3 (Mtrain,3 = 13) for
transitions of types 1, 2, and 3. These were used to obtain the
maximal margin classifier (SVM; Case Study 1; Figure 3). Using
D, we created data sets Dynp; (Miey = 12), Doey (Moy
16), and Dtse\s% (Mtse\% = 14) for transitions of types 1, 2, and 3.
Dypain Was used to train the SVM classifier, which was applied to
D, (Case Studies 1 and 2; Figures 3, 5, and 6). The classifier
was applied to observations in Dsyy and D,y Using Do, we
constructed data sets D307 (M3 = 2165), Disos (M3yos =
913), and D30 (Mho5 = 11 495) for transitions of types 1, 2,
and 3 (Case Study 4; Figure S). Using D,, we constructed data
sets D3yt (Mspor = 1571), D3y (M3g0s = 808), and D5yds
(Mgg(l)\g =2110) for transitions of types 1, 2, and 3 (Case Study S;
Figure 6). When applying EM, we used Dy, to estimate the
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Figure 6. Performance of SVM and EM in modeling 30—200 pN
unfolding force data for Fg monomer (Case Study S). Compared are
the histograms (bars) of unfolding forces in the 200 pN range from
single-molecule experiments for Fg,63 nonparametric densities (thin
curves), and theoretical pdfs (thick curves) of unfolding forces obtained
with SVM (panels a—d) and EM (panels e—h). The following data sets
were used: combined data set D,y (M, = 4572; panels a and e), and
data sets D%gﬁ Mgg(ﬁ =1691; panel b), D?_Xé\g_ Mggé\é = 856; panel c),
DSy (M35 = 1941; panel d), DX, (M3h;, = 1571; panel f), D3,
(M35, = 808; panel g), and D555 (Mbs; = 2110; panel h). We
compare histograms and density estimates with theoretical pdfs of
unfolding forces for weighted superposition Zi TN (f; I/tﬁ, D'ﬁ) obtained

with SVM (panel a) and EM (panel e), as well as for the unfolding
transition of types j = 1, 2, and 3, N(fl |,uf1., O'ﬁ), obtained with SVM
(panels b—d) and EM (panels f—h): j = 1 (panels b and f), j = 2 (panels
cand g), and j = 3 (panels d and h). In panels e—h, theoretical pdfs
obtained with fixed (solid curves) and variable (dashed curves) prior
probabilities are compared for the unfolding transitions of type 1, type
2, and type 3.

average forces /i and average peak-to-peak distances y,;, and the
standard deviations o; and 6,; (Case Study 4; Figures 5 and 6).
We used D1, Dgimp and Dy, ; to construct three non-
parametric density estimations of unfolding forces of types 1, 2,
and 3 and p,(f), p,(f), and p;(f) (see Figure S2) to classify data
sets Dgop and D, with the maximum likelihood estimation
(Case Study 4 and S; Figures S and 6). Using Dsy, we
constructed data subsets D ; (Mg, = 1862), D, (Mg, =
913), and D53 (Mg = 11 495) for transitions of types 1, 2,
and 3 (Case Study 4; Figure S). Using D,, we constructed data
subsets D3, (Mg, = 1571), Do, (M3, = 808), and Dig 5
(M5 3 = 2110) for transitions of types 1, 2, and 3 (Case Study S;
Figure 6).

Case Study 1. SVM-Based Classification of Unfolding
Transitions for (WW), and Fg. First, we assessed the
performance of SVM in classification of unfolding force data.
These can be characterized using the peak forces (f;) and peak-
to-peak distances (x;) as input variables, i.e., {(f;, %), (f, %5), -
(fap %a0)}. From the simulations for (WW), and Fg, we know
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Figure 7. Performance of EM in resolving distributions of unfolding
forces for (WW), and Fg without data classification and data division
(Case Study 6). Compared are the histograms (bars) of unfolding
forces obtained from the pulling simulations for dimer (WW), and the
Fg monomer, nonparametric densities (thin curves), and theoretical
pdfs (thick curves) of unfolding forces obtained with EM. The
following data sets were used: for (WW),, combined data set Dy,
(Mww), = 100; panels a and d) and data sets Dy, 1 (Mww),1 = 50;
panel b) and Dyw),» (M(ww),» = 50; panel c); for Fg, combined data
set Dy, (MFg =82) and data sets Dy, | (M1 = 24), Dy y (M, = 31),
and Dy, 3 (Mg 3 = 27). We compare the force histograms and density
estimates with theoretical pdfs of unfolding forces for weighted
superposition Z}. ﬂ}N(ji lﬂfj’ O'f]-) (j=1and 2 for (WW),andj=1,2,and
3 for Fg) obtained with EM (panels a and d), as well as for the unfolding
transitions of types j = 1 and 2, N(fl I/,tﬁ, aﬁ) obtained with EM for
(WW), (panel b for j = 1 and panel c for j = 2), and the unfolding
transitions of typesj=1,2,and 3, N(fl |,uﬁ, O'ﬁ) obtained with EM for Fg
(panel e for j = 1, panel f for j = 2, and panel g for j = 3). Theoretical pdfs
obtained with fixed (solid curves) and variable (dashed curves) prior
probabilities are compared.

exactly which unfolding transitions belong to which transition
types for all M = 400 unfolding events for (WW), and for all M =
82 unfolding events for Fg. We used training set Dy, (Myrgin=
200) and test set Dyg (Meq= 200) for (WW),, and training set
Diain (M= 41) and test set Dy (Mq= 41) for Fg. The
scatterplots of f; versus x; for (WW), and Fg are displayed in
Figure 3, which also shows the separating hyperplanes. Although
the hyperplane is chosen to divide the training observations into
two classes (unfolding transitions of types 1 and 2) for (WW),
and into three classes (transitions of types 1—3) for Fg, there are
data points that are misclassified. In D,y for (WW),, 9 and 17
data points for transitions of type 1 (9% error) and type 2 (17%
error) are misclassified. In Dy for Fg, 2, 6, and 1 data points for
transition of type 1 (16% error), type 2 (38% error), and type 3
(7% error) are misclassified. In D, for (WW),, 4 and 13 data
points for transitions of type 1 (4% error) and type 2 (13% error)

https://doi.org/10.1021/acs.jpcb.1c02334
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Table 1. Performance of SVM and EM in Describing Unfolding Force Data for (WW), (Case Studies 2 and 3)*

SVM method EM method
methods/quantities type 1 type 2 type 1 type 2
Hgp PN 58.4/57.4 59.6/62.0 57.8 (56.6)/57.4 65.3 (64.0)/62.0
o5 PN 7.6/8.0 7.9/8.4 7.7 (7.5)/8.0 6.9 (7.2)/8.4
7 0.5/0.5 0.5/0.5 0.5 (0.52)/0.5 0.5 (0.48)/0.5
L 0.07 0.09 0.15 (0.20) 0.17 (0.20)

“Compared for unfolding transitions of types 1 and 2 in WW domains are the theoretical predictions for the average unfolding forces yiy; standard
deviations o, and prior probabilities 7, obtained with SVM and EM, and values of these quantities obtained from the pulling simulations
(separated by the slash). For EM, values of Mgy 07 and 7; obtained with fixed and variable (in parentheses) prior probabilities  are compared. Also
shown are the values of L -norm obtained with fixed and variable (in parentheses) prior probabilities. The total error (L'-norm for combined
dataset Dyt (Meese = 200)) is 0.06 for SVM, and it is 0.13 (0.13) for EM with fixed (variable) prior probabilities. The following data sets were used:

Dt (Migh = 110), D (MGt = 90), Disiy (Mgt = 138), and Dy, (M, = 62).

are misclassified. In Dy, for Fg, 2, 5, and 3 data points for EM), ; is the value of kernel density estimate corresponding to
transition of type 1 (16% error), type 2 (31% error), and type 3 the same force value f, ie, w; = @g (f;), and Af is the force
(21% error) are misclassified. We also applied SVM to classify interval. In eq 11, 7; is the prior probability estimated

the unfolding transitions for (WW), and Fg using higher order theoretically. For example, for (WW), m = 1/2 for both
polynomials of degree 2, 3, 4, and S (see the Supporting transition types 1 and 2 (Table 1).Ineq 11, w is the weight of jth

Information). The results obtained are displayed in Figure 3. transition type, which in the case of (WW), is also equal to 1/2.
The test errors obtained using SVM with the polynomial kernel The obtained values of L'-norm were L} = 0.07 and L = 0.09 for
of degree S were roughly the same as the errors obtained with the the unfolding transitions of types 1 and 2 (Table 1).

linear classifier (eq 2). For this reason, we used the linear Case Study 3. Resolving Distributions of Unfolding
classifier in Case Studies 2—5 below. Forces for (WW), with EM. We tested how accurately EM

Case Study 2. Resolving Distributions of Unfolding
Forces for (WW), with SVM. Next, we tested how accurately
SVM resolves the distributions of unfolding forces for (WW),
using the simulated FX spectra. The Gaussian-like symmetric

shape of the marginal histograms of unfolding forces for

combined data set D (Figure 4a) reveals broad but unimodal of unfolding forces based on Dy, using maxjmumN}iLkelihood
distribution of unfolding forces due to the overlapping 37.4— estimation (eq 10) We constructed subsets Digr; (Mie; = 138)

77.8 and 42.6—82.2 pN force ranges, which characterize, and DtestZ Mtestl = 62) for transitions of types 1 and 2. Next, we

resolves the distributions of unfolding forces for (WW),. First,
using data sets D, and D, we constructed nonparametric
densities of the unfolding forces for unfolding transitions of type

1 and type 2, p;(f) and p,(f), and then carried out classification

respectively, the unfolding transitions of type 1 (data set D,) aPphed the EM algorithm and used the bivariate Gaus.sia.n ansatz
and type 2 (data set D,). We used the Gaussian ansatz with the average forces y; = (,“fp ij) and standard deviations 6; =
Nf, |ﬂﬁ, O'ﬁ) to describe the marginal distributions of unfolding (04 0,5). We set initial values of yu; for transitions of types j = 1

and 2 to be equal to the average unfolding forces estimated from
Dyyin1 (57.4 pN) and Dy, , (62.0 pN)); initial values of y,; were
estimated from Dy, (3.4 nm) and Dy, (5.0 nm); initial
values of standard deviations of unfolding forces o;; and peak-to-

forces in terms of the average forces i; and standard deviations
oy; for the unfolding transitions of types j = 1 and 2. To perform
classification, we applied SVM to the unfolding data in Dy, and
used the maximal margin classifier to divide the data in D,y into
data subsets for transition types 1 (Dtsesvm) and 2 (Dgut3)- Using peak distances were set to be equal to oy /2 and 6,/\2 (Gf =

these subsets, we constructed nonparametric densities p;(f) and 7.8 pN and 0, = 1.2 nm are the standard deviations of unfolding
calculated the average forces y; and standard deviations oy; for forces and peak-to-peak distances obtained for data from D).
the transitions of types j = 1 and 2 (Table 1). Then, values of g We considered cases of fixed and variable z; for the unfolding
and oj; were substituted into the Gaussian ansatz to obtain the transitions of types j = 1 and 2.

theoretical curves of N(fl |ﬂf1; 0}1) and N(f, |Hf2; Ufz) and Fixed Prior Probabilities. We set 7, = 1, = 0.5 and varied y;
weighted superposition ”1N(f,- lﬂfl’ Gﬂ) + ﬂZN(f; l”fzr af?,)' and o;. The convergence was reached in 15 steps. Final values of

Hy; and oy; are compared with the values of these quantities from
subsets D; and D, in Table 1. Because we used the results of
simulations, we know the actual values of y1; and oy, and so the

We set the weights (prior probabilities) to be equal, ie., 7; =
7, = 1/2. The histograms and nonparametric densities, and

theoretical pdf curves of the unfolding forces obtained with SVM : .
for combined data set Dy, and data subsets DSM (transition predicted and actual values can be directly compared. We

type 1) and Dtestl (transition type 2) are compared in Figure 4. cons.‘c1jucted the marginal histograms .and nonpa.rametric
To quantify the difference between theoretical pdfs densities p(f), p(f), and p,(f) of unfolding forces using Dy,

(constructed for training data) and nonparametric densities Dy, and Dy, for unfolding transitions of types j = 1 and 2.
(constructed for test observations) of the unfolding transition of These are compared in Figure 4 with theoretical marginal pdfs of
type j, we used the Li-norm: unfolding forces derived by substituting the final values of Ky and
” o;; obtained with EM (Table 1) into the superposition
Il = Z Ity — wylAf ﬂ'lN(fl,Ulfl, op) + mN(f Iy, 013) (Diew; Figure 4d), into

j = YT WY ML B ,
i=1 (11) N(ji |ﬂf1, Gfl) (Diger, for transitions of type 1; Figure 4e), and

where y; is the value of probability density corresponding to the into N(f, |,uf2, o) (Dresis for transitions of type 2; Figure 4f).

unfolding force f, ie, y = NI (f |,u]. ) 0']) predicted by SVM (or The agreement between the histograms and density estimates,
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Table 2. Performance of SVM and EM in Describing 500 pN Experimental Unfolding Forces for Fg (Case Study 4)“

SVM method EM method
methods/quantities type 1 type 2 type 3 type 1 type 2 type 3
fy PN 77.8/98.0 132.6/124.0 288.8/164.0 136.9 (62.7)/71.2 239.9 (184.54)/125.0 358.6 (330.2)/282.3
o5, pN 25.5/20.3 12.3/15.3 93.7/13.8 572 (16.0)/19.9 46.7 (58.6)/9.6 66.1 (89.6)/94.4
pa 0.14/0.29 0.06/0.38 0.80/0.31 029 (0.07)/0.11 0.38 (0.454)/0.07 0.31 (0.49)/0.82
L 0.03 0.01 0.26 0.33 (0.07) 0.45 (0.47) 0.70 (0.37)

“Compared unfolding transitions of types 1—3 in Fg are theoretical predictions for the average unfolding forces yiy;, standard deviations oy; and prior
probabilities 7; obtained with SVM and EM, and values of these quantities obtained from the experimental data (separated by the slash). For EM,
values of yg, Gf/, and 7; obtained with fixed and variable (in parentheses) prior probabilities are compared with the same quantities obtained from
experiment (separated by the slash). Also shown are values of L -norm. For EM, values of L -norm obtained with variable prior probabilities are
shown in parentheses. The total error (L'-norm for combined dataset D) is 0.27 for the SVM method, and it is 0.17 (0.13) for the EM method
with fixed (variable) prior probabilities. The following data sets were used: Dsgy (Mo = 15 023) and data sets D5001 (Mg?)%\ﬁ =2165), Mgooz (Mggévi

= 913), Do (Moo = 11945), Digg, (Mg, = 1862), D3, (Migs, = 3837), and Dl (Migss = 9324)

and theoretical pdf curves is very good: L] = 0.15 and L} = 0.17 transitions of types 1—3, D500 b Dggé‘é, and Dggé‘g. The results are
for the unfolding transitions of types 1 and 2 (Table 1). displayed in Figure 5, which shows the histograms and

Variable Prior Probabilities. We varied 1, yt;, and o, We set nonparametric densities p(f), p,(f), p.(f), and ps(f) for
initial values of yi;; to be equal to the average unfolding forces combined data set Dsy, (Figure Sa) and for subsets Dg&%
from Dy, 1 (57.4 pN) and Dy, (62.0 pN). Initial values of (transitions of type 1; Figure Sb), D305 (type 2; Figure 5c),
were set to the peak-to-peak distances corresponding to the and Dg&% (type 3; Figure Sd). EM classification for Fg was
unfolding forces estimated from 3D histogram of bivariate data performed using the results of simulations as described in Case
(not shown): 2.2 and 5.8 nm. Initial values of the prior Study 3. Using data sets Dy, 1, Do, and Dy, ; we constructed
probabilities were set to 0.5 and standard deviations were set to nonparametric densities p;(f), p,(f), and p;(f) for the unfolding

be equal to 6y, = 6;, = 6,/~/2 for unfolding forces and transitions of types 1—3 (Figure S2). These were used in
1= % =% X i N ; :
maximum likelihood estimation to classify data from combined

data set Dy, into data subsets D%%‘l, D6 and D%%g for
transitions of types 1—3. Figure 5 shows the histograms and

6, = 0, = 0,/~J2 for peak-to-peak distances (67 = 7.8 pN
and 6, = 1.2 nm are the standard deviations for data from D,,).

We applied the EM algorithm to bivariate data from Dy The nonparametric densities of unfolding forces obtained using data
convergence was reached in 1S steps. Final values of 7;, yi;, and from Dy, (Figure Sa), Dlsvt[)lé,l (Figure Sb), D%I(S,z (Figure 5c), and
oy; are compared with the values of these quantities for data sets ML (g

fi ] 5 Dgggs (Figure Sd).
D, and D, in Table 1. The predicted and actual values Of:“fj and Regression. Resolving the distributions of unfolding forces
O show good agreement, but values 7; = 0.52 and 7, = 0.48 for Fg with SVM was performed as in Case Study 2. We used the

deviate from 0.5 (Table 1). The histograms and nonparametric
densities for combined data set D and for data sets D, and D, for
transitions of types j = 1 and 2, p(f), p:(f), and p,(f), are
compared in Figure 4 with theoretical pdf curves of weighted
superposition 7, N(filﬂfl;"fl) T 7 N(filﬂfz;Ufz)
ﬂ'lN(finl, op) + 71'2N(fi|ﬂf2, 013) (Dyegy; Figure 4d),

Nf, s o) (D, for transitions of type 1; Figure 4e), and

Gaussian ansatz N(f Iuﬁ aﬁ) to approximate the pdfs of

unfolding forces. For each subset Ds(\)](%: Dg(‘)’(%, and D§0V(§j“3

(transition types j = 1—3), we calculated the values of y; and
oy These were substituted into the Gaussian ansatz to obtain the
theoretical pdfs of unfolding forces for each transition type,

N(f I,ufl, afl), N(f I,ufz, ofz), and N(f |,uf3, Uf3), and the pdf for

weighted superposition,
N(f’ |/,tf2, sz) (DXSIZ,z for transitions of type 2; Figure 4f). 71'1N(f lﬂfl’ Gfl) + ﬂzN(f |ﬂf2, sz) + 71—3N(f |uf3, Gfs)' The
Theoretical curves were derived using final values of 7, yi5, and weights 7; were evaluated by d1v1d1ng the number of data points
oy from Table 1. The agreement between the histograms and M, for transmon type j in subset Dsoo; by the total number of
density estimates, and theoretical pdf curves of the unfolding data points in Dgpy (Mggy = 15023), m, = M/Mgy. The
forces is very good: L = 0.20 and L, = 0.20 for the unfolding theoretical pdf curves are compared with the histograms and
transitions of types 1 and 2 (see Table 1). nonparametric densities of unfolding forces in Figure 5. We

Case Study 4. Resolving Distributions of 500 pN obtained L{ = 0.03, L} = 0.01, and L} = 0.26 for the unfolding
Unfolding Forces for Fg with SVM and EM. Next, we transitions of types 1, 2, and 3 (Table 2).

compared the performance of SVM and EM using the EM regression was carried out as in Case Study 3. We used
experimental unfolding force data from combined data set EM to divide data in combined data set Dy, into the unfolding
Dsop, which excludes large unfolding forces >500 pN that transitions of types 1—3. We tested EM algorithm for two cases:
correspond to protein desorption and/or cantilever tip detach- with fixed prior probabilities, 7; = 0.29, 7, = 0.38, and 73 = 0.33,
ment.” and with variable prior probabilities (see Case Study 3). In the
Classification. SMV classification of unfolding data for Fg latter, initial values of 7; were set to 7; = M} /Msoo: where M. is the
was performed using the results of simulations as described in number of data points in data sets D500 Iy D500 5 and Dsoﬁﬁ for
Case Studies 1 and 2. We obtained the maximal margin classifier transitions of types j = 1—3 obtained with maximum likelihood.
based on Dy, (Figure 3b) and applied the classifier to test In both cases, we set initial values of yi; for transitions of type j to
observations in Dgy, {(fi, 1), (fo %), - (fartar)}, which be equal to positions of three highest bins in the histogram of
contains the experimental peak forces in the 0—500 pN range unfolding forces of combined data Dy, (Figure S), i.e., 61, 173,
and peak-to-peak distances in the 0-100 nm range. Combined and 207 pN, respectively; initial values of y1,; were set to be equal
data set Dsy, was subdivided into subsets for the unfolding to the peak-to-peak distances estimated from 3D histogram of
5802 https://doi.org/10.1021/acs.jpcb.1c02334
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Table 3. Performance of SVM and EM in Describing 30—200 pN Experimental Unfolding Forces for Fg (Case Study 5)“

SVM method EM method
methods/quantities type 1 type 2 type 3 type 1 type 2 type 3
gy pN 74.5/98.0 127.1/124.0 172.6/164.0 65.3 (64.4)/70.9 136.7 (127.8)/124.7 177.7 (171.3)/170.4
oy pN 23.3/20.3 13.3/15.3 15.5/13.8 17.3 (16.8)/19.7 207 (15.2)/9.6 137 (17.1)/16.8
P 0.38/0.29 0.19/0.38 0.33/0.31 029 (0.27)/0.35 0.38 (0.40)/0.18 0.33 (0.33)/0.47
L 0.09 0.05 0.12 0.14 (0.16) 035 (0.37) 023 (0.22)

“Compared for unfolding transitions of types 1—3 in Fg are theoretical predictions of the same quantities as in Table 2 obtained with SVM and EM
methods, but for the unfolding forces in the 30—200 pN range of forces. The total error (L'-norm for combined dataset D,y,) is 0.19 for SVM
method, and 0.15 (0.14) for EM with fixed (variable) prior probabilities. The following data sets were used: D,gy (Mo = 4572) and data sets Di}{éﬁ

(M3yoh = 1691), D35 (M3yoh = 856), Diyos (M3yos =

1941), Dy, (Mg, = 1571), D3gg, (Moo, = 808), and Dl (Mbgss =

2110).

bivariate data (not shown), which correspond to these forces,
ie., 26,22, and 27 nm, respectively. We set initial values of oj;to

be equal to O'f/ J2 for unfolding forces and ¢,/ J2 for peak-to-

peak distances (o;= 115.7 pN and 6, = 21.3 nm are obtained on
the basis of data from Dyg,). The convergence of EM algorithm
was reached in 37 and 34 steps, respectively. Final values of ;, u;,
and o; obtained with EM are compared with actual values of
these quantities in Table 2. The histograms and nonparametric
densities p(f), p1(f), p»(f), and p;(f) for the combined data set
Dy and for data sets Dlg’é%),l, DISV(I)](;'Z, and DISV(I)]()S for transitions of
types j = 1—3 are compared in Figure S with the theoretical pdfs
of unfolding forces for weighted superposition

mN(f, I on1) + mN(f, I, 01,) + mN(f, It 0y3) for Dsgo
(Figure Se), N(f: |yf1, 0f1) for DY, (transition of type 1; Figure
5f), N(f It o,) for D&y, (type 2; Figure Sg), and
N(f, i) 0y3) for D3 (type 3; Figure Sh). The theoretical

curves were derived using 7, 4 and o obtained with EM
(Table 2). For fixed (variable) prior probabilities, we obtained
L1 =0.33(0.07), L} = 0.45 (0.47), and L} = 0.70 (0.37) for the
unfolding transitions of types 1, 2, and 3 (Table 2).

Case Study 5. Resolving Distributions of 30—200 pN
Unfolding Forces for Fg with SVM and EM. Last, we applied
SVM and EM to resolve the distributions of unfolding forces for
Fg using the experimental unfolding data from combined data
set Dy, which excludes the unfolding forces below 30 pN, due
to nonspecific interactions, and above 200 pN, which
correspond to several unfolding transitions that occur
simultaneously (Table SIT).

Classification. SMV classification of unfolding force data for
Fg was performed using the results of simulations as described in
Case Study 4. The maximum margin classifier was based on data
from Dy, and applied to data in D, The results are displayed
in Figure 6, which compares the histograms and nonparametric
densities of unfolding forces for D, (Figure 6a), and for data
sets D%%‘,/Il (Figure 6b), Dg&% (Figure 6¢), and Dggé% (Figure 6d)
for unfolding transitions of types 1—3. EM classification of
unfolding forces was performed using data sets D, 1, Dy 5, and
Dy 3 as described in Case Study 4. The nonparametric densities
21(f), p2(), and p;(f) for transitions of types 1—3 (Figure S2)
and maximum likelihood estimation were used to subdivide
combined data set Dy, into subsets D51, D3o5,, and D3 s for
transitions of types 1—3. In Figure 6, the histograms and
nonparametric densities are compared with the theoretical pdfs
of unfolding forces for D,z (Figure 6a), and for D%OL‘I
(transitions of type 1; Figure 6b), D%Iélz (type 2; Figure 6c¢),
and D3 (type 3; Figure 6d).

Regression. Resolving the distributions of unfolding forces
for Fg with SVM was performed as described in Case Study 4.
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For each subset Dgg(l)\fl, Dgg&g, and Di&?g, we calculated the values
of yi; and oy, which were substituted into the Gaussian ansatz to
obtain the theoretical pdfs of unfolding forces for transitions of

types j = 1, 2, and 3, N(fil,uﬂ, 1) N(/ilﬂfz, 0,), and
N(fil,ufydﬁ), and for weighted superposition

ﬂ'lN(finl, 6f1) + ﬂzN(fi I,ufz, afz) + 7T3N(fi qu3, 6f3), with
the weights 7; = M;/ M, (Myyg = 4572 and M; is the number
of data points in subsets D%]é,l ) D%]é,z; and DIZV([)IGS)' The
theoretical pdf curves are compared with the histograms and
nonparametric densities of unfolding forces in Figure 6, which
shows good agreement: L} = 0.09, L} = 0.05, and L} = 0.12 for
the unfolding transitions of types 1, 2, and 3 (Table 3).

EM regression was carried out as described in Case Study 4.
We applied EM to divide data in combined data set D,y,. We
tested EM with fixed and variable prior probabilities; in the first
case, we set 7; = 0.29, 7, = 0.38, and 73 = 0.33; in the second
case, we varied 7; starting from 7; = M;/ D,g,. In both cases, we set
initial values of y; for the unfolding transitions of types j = 1-3
to be equal to the positions of three highest bins in the histogram
of Dy (Figure 6), 59, 145, and 172 pN, respectively; initial
values of y,; were set to be equal to the peak-to-peak distances
estimated from the 3D histogram of bivariate data (not shown),
which correspond to these forces, ie, 22, 36, and 30 nm,

respectively. We set initial values of oy; to be equal to o/ V2 for

unfolding forces and ¢,/+/2 for peak-to-peak distances (0 =
47.7 pN and 6, = 12.6 nm are based on data from D,,). The
convergence of EM algorithm was reached in 30 and 28 steps,
respectively. Final values of 7, ji5;, and oy; obtained with EM are
compared with the actual values of these quantities in Table 3.
The force histograms and nonparametric densities for combined
data set D,y and for subsets D3G5, D30go, and Diggs for the
transitions of types j = 1—3 are compared in Figure 6 with the
theoretical pdfs of unfolding forces for

nlN(fl,l,ufl, o) + mN(f, |/4f2, 01,) + mN(f, I,uf3, o73) (Figure
6e), N(ft_l,ufl, o;,) (transition of type 1; Figure 6f),

N(ji l”fZ’ afz) (type 2; Figure 6g), and N(fl |/lf3, 6f3) (type 3;
Figure 6h). The theoretical pdf curves were derived using T, Uy
and o;; obtained with EM (Table 3). For fixed (variable) prior
probabilities, the L'-norms were L{ = 0.14 (0.16), L, = 0.35
(0.37), and L} = 0.23 (0.22) for the unfolding transitions of
types 1, 2, and 3 (Table 3).

B DISCUSSION

Over the past several decades, single-molecule spectroscopy has
become a powerful approach to explore the dynamic processes
that involve proteins at the single-molecule level of detail. A
number of experimental techniques, including AFM*'~** and

https://doi.org/10.1021/acs.jpcb.1c02334
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. 30-3 . 26-2
magnetic’ " and optical tweezers,”*”*’ have been used by

researchers to subject proteins to mechanical forces and to probe
conformational transitions in proteins. The force-induced
extension of a polypeptide chain leads to an increase in the
restoring force, which results in the protein unraveling when the
applied force exceeds the limits of protein mechanical stability
and chain elongation, which in turn leads to a decrease in the
restoring force due to loss of tension. This process of the gradual
force increase followed by the sudden force drop is repeated over
again until all protein domains have become unfolded, which
results in a repeated sawtooth-like pattern of the unfolding force
as a function of the end-to-end distance. For example, in the FX
spectra for dimer (WW), (Figure 1), the force maxima
corresponding to the unfolding transitions of types 1 and 2 are
due to unraveling of the small loop (Thr29—Gly39) and the
large loop (Lys6—Ile28), respectively. In the FX spectra for Fg
monomer (Figure 2), the peak forces are due to unfolding
transitions in the left and right y-nodules and elongation of the
coiled coils in the Fg molecule.

Meaningful interpretation of the results of single-molecule
experiments on biomolecules (RNA, DNA, and proteins)
remains challenging. In addition, due to the nonspecific events
that contribute to the force signal, the FX spectra show first and
last force peaks due to protein desorption from the substrate
and/or tip detachment. In experiments on complex multi-
domain proteins, such as fibrinogen oligomers (Fg),, the
desorption peaks might appear in the middle portion of the
FX spectrum. The cantilever tip might pick up and desorb one
end of (Fg),, then stretch and unfold a half of the (Fg), chain,
and then desorb, stretch, and unfold the other half of (Fg),.
Furthermore, several unfolding events might occur simulta-
neously (i.e, in one step), and so the FX spectra might display
force signals owing to several unfolding transitions (rather than
single transition). For example, the unfolding transitions of types
1 and 2 in dimer (WW), occur in the strongly overlapping ~30—
80 and ~40—90 pN ranges of unfolding forces (see Figure S2),
and so these unfolding transitions might occur simultaneously.
Hence, it is difficult to extract the “physically relevant data” (due
to single unfolding transitions), from the “raw experimental
data”, which always includes a large amount of noise
(nonspecific interactions, protein desorption, tip detachment,
simultaneous unfolding events, efc.) using the experimental
force-extension spectra alone.

We tested several statistical modeling approaches to under-
standing the forced unfolding data based on Support Vector
Machines and Expectation Maximization. SVM is widely used in
supervised data classification,* whereas EM is broadly used in
unsupervised learning to describe a mixture of several
distributions. We proposed an approach, in which the results
of mechanical testing experiments in silico are used as training
data. Statistical models are, first, trained using the output from
the pulling simulations, and then applied to understand the
experimental data. In this context, “understanding experimental
data” includes (i) correctly assigning an observation (peak
force) to the type of unfolding transition it represents
(classification) and (ii) accurately resolving the distribution of
unfolding forces for each transition type (regression). On the
one hand, outputs from the simulations have a relatively small
size (from tens to a hundred of data points) because of a large
computational cost, but trajectories of forced protein unfolding
are free from noisy force signals discussed above. On the other
hand, the experimental single-molecule data are characterized by
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a large sample size (thousands of data points), but the
experimental raw data are noisy.

Here, we carried out Case Studies 1—35, in which we compared
the accuracy of SVM- and EM-based methods in solving
classification and regression problems for the forced unfolding
data for proteins. We demonstrated that, although the
experimental and simulated force-extension data might disagree,
computer simulations can provide accurate information about
the types of unfolding transitions (eg., prior probabilities for
unfolding transitions of types 1 and 2 for (WW),, and types 1—3
for Fg) but might not be accurate in terms of the statistics of
unfolding forces (average forces and standard deviations).
Hence, results of computational molecular modeling can be
used as a good starting point to train statistical models and to
separate the unfolding data from noise. When the input from
computational molecular modeling is not available, single-
molecule forced unfolding experiments on proteins can be
complemented by the results from thermal unfolding assays or
analysis of structures of the protein in question. A good
understanding of the number and types of unfolding transitions
in proteins can be gathered by analyzing the differential scanning
calorimetry data in conjunction with the tertiary structure of
proteins available from the X-ray crystallography.

Although the distributions of unfolding forces are slightly
skewed and asymmetric, in Case Studies 1—5 carried out in this
work we assumed that the probability density functions of
unfolding forces can be described by the normal distribution
Z}. N (f1 |/lﬁ, Gﬁ) specified in terms of the prior probabilities 7;

(weights), the average forces Hyp and the standard deviations oy;.
Our use of the normal distribution is fully justified for these
proof-of-concept studies, and the extension of the developed
formalism to describing asymmetric skewed distributions of
unfolding forces is possible, but beyond the scope of this work.
In addition, the EM algorithm converges rapidly numerically
when it is used in conjunction with the normal distribution
(~10—20 steps). In Case Studies 2—S5, we used the L'-norm to
quantify the difference between the “theoretical predictions”
(pdfs of unfolding forces) and the “actual data” (histograms and
nonparametric densities of unfolding forces). The L'-norm is an
upper-bounded metric, and it is widely used to compare a pair of
distributions. There are other ways to quantify the difference
between any two distributions, such as the L*-norm or KL
divergence, but these quantities do not have an upper bound.
Also, the L*norm is dominated by contributions from large
values of a random variable (e.g., strong unfolding force signals).

In Case Study 1, we assessed the performance of SVM method
in data classification for (WW), and Fg (Figure 3) using only the
simulation data, because in the simulations we can associate the
unfolding events with the types of transitions they represent, and
so the SVM predictions can be tested to assess performance. In
Case Studies 2 and 3, we tested SVM and EM in a simpler
problem of characterizing the statistics of unfolding forces for
dimer (WW),. Here, the unfolding data for the training and test
sets were extracted from the simulations. In Case Studies 4 and
5, we took a step further; we compared performance of SVM and
EM at describing the experimental unfolding data for Fg
monomer. Here, theoretical models were trained on the basis of
the unfolding data from the simulated FX curves; these models
were then applied to the unfolding data from the experimental
FX spectra. The other steps of SVM and EM algorithms were
same as in Case Studies 2 and 3. Because most of the
experimental data (~90—95%) are noisy force signals and in
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order to increase the signal-to-noise ratio, in Case Study 4 for the
Fg monomer we analyzed the unfolding forces <500 pN and in
Case Study S we analyzed the unfolding forces in the 30—200
pN range. The unfolding forces >500 pN (Figure S3), which
correlate with the peak-to-peak distances >100 nm, are due to
protein desorption and/or cantilever tip detachment. The 100
nm distance is much longer than the average elongations of Fg
monomer due to unfolding transitions of types 1, 2, or 3 (Table
SII; see also ref 63). The unfolding force >200 pN, which
correlates with long extension >60 nm, corresponds to a
situation when several unfolding transitions in Fg monomer
occur simultaneously. Indeed, the 60 nm Fg extension is longer
than the sum of extensions for the unfolding transitions of types
1 and 2 (Table SII). Also, the unfolding forces <30 pN (Figure
S3) are due to weak nonspecific interactions.

The prior probability z; is the likelihood that a particular
unfolding transition corresponds to the transition of type j. This
quantity defines the weight of this transition type in an ensemble
of all observations. In experiment, some of the unfolding
transitions in a protein might not occur before protein
desorption from the substrate takes place. Also, different types
of unfolding transitions might not occur an equal number of
times due to cantilever tip detachment. For example, in the
simulations for dimer (WW), the unfolding transitions of type 2
almost always occur last. The unfolding transitions of type 3 in
Fg monomer is the last unfolding event, which occurs only after
the unfolding transitions of types 1 and 2 took place. Suppose
(WW), desorption and/or cantilever tip detachment takes place
right before the last unfolding transition of type 2 in (WW),.
Then, the prior probabilities are 7; = 2/3 and 7, = 1/3 for the
unfolding transitions of types 1 and 2, respectively. Furthermore,
the strength of the desorption peak decreases as the length of a
protein fragment adsorbed on the substrate surface decreases,
and so for short protein fragments the strength of desorption
peak might become comparable with the strength of the
unfolding force. Hence, prior probabilities of observing the
unfolding transitions of different types may or may not be equal
to 1/], where ] is the total number of types of unfolding
transitions (ie., ] = 2 for (WW), and ] = 3 for Fg). Therefore, in
Case Studies 4 and S we tested EM both with fixed and variable
prior probabilities ;.

SVM classification of the unfolding transitions for (WW), and
Fg (Case Study 1) showed that the maximal margin classifier
performs well even when the distributions of unfolding forces for
different types of transitions overlap (Figure S2). For Fg
monomer, errors are only ~16—30% and the number of
misclassified data points is 2—S$ for unfolding transitions of types
1-3. This is a good agreement given a small sample size (M, =
47; Figure 3b). For (WW),, the errors are 9—17%, but the
unfolding transitions of types 1 and 2 are characterized by the
strongly overlapping 37.4—77.8 and 42.6—82.2 pN force ranges,
respectively (Figure S2). The lower errors might be due to larger
sample size for (WW), compared to Fg. Given these overlapping
force ranges and small sample size of the training set (M, =
200), 41 misclassified data points is a good achievement (Figure
3a). The errors are L} = 0.24 and L) = 0.39 for the unfolding
transitions of types 1 and 2 for (WW),, and L} = 0.14, L} = 0.21,
L}=0.20 for the unfolding transitions of types 1, 2, and 3 for Fg.
We applied SVM to map the distributions of unfolding forces for
(WW), (Case Study 2); here, we used maximal margin classier
to separate unfolding forces in the test set into the unfolding
transitions of types 1 and 2. The statistics of unfolding forces (7,
Hyj and Gﬂ) for the training data and test observations compare
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well (Figure 4, panels a—c), and the errors are small: L} = 0.07
and L} = 0.09 (Table 1). We applied EM to map the
distributions of unfolding forces for (WW), (Case Study 3).
Here, we used nonparametric densities for the transitions of
types 1 and 2 from training sets, maximal likelihood estimation
to classify test observations, and EM optimization of 7, y5;, and
o;- The statistics of unfolding forces (7, 47, and o) for training
and test observations show worse agreement (compared to
SVM; Figure 4, panels d—f), and the errors are larger: L = L} =
0.2 (Table 1). In Case Study 4, SVM outperformed EM (Figure
5), and the errors were L} =0.01—-0.26 for SVM wvs le =0.30—
0.70 for EM (Table 2). EM works better with variable prior
probabilities (Table 2). In Case Study S, SVM outperformed
EM (Figure 6), and the errors were L} = 0.05—0.12 for SVM vs
L} =0.14—0.37 for EM (Table 3). Comparing the errors in Case
Studies 4 and 5, EM performs better with variable prior
probabilities especially when noisy data are excluded.

The SVM- and EM-based approaches tested in Case Studies
2—S require the total number of different types of unfolding
transitions J as an input. We remind that ] = 2 for dimer (WW),
and ] = 3 for Fg monomer. When this information is available
from computational molecular modeling or other studies
(crystal structures, differential scanning calorimetry data),
both SVM and EM can be used with success to understand
the unfolding force data (Figures 4—6). Furthermore, when
experimental unfolding data contain more meaningful force
signals (due to protein unfolding) and less noise, SVM and EM
perform very well (Tables 2 and 3). The question is can one
develop an approach that uses a minimal input (prior
knowledge) from molecular modeling in silico or other studies?
This problem can be overcome by using an EM-based approach
described below, where only the total number of unfolding
transition types J is specified (no information about the force
ranges is necessary). In a simple implementation, one can set
initial values for the average unfolding forces y; for the unfolding
transitions of type j to be equal to the few largest experimental
unfolding forces. For example, from the force histogram for
(WW), dimer, the two largest forces are 62 and 59 pN (see
locations of the two tallest bins in Figure 4a). In many situations,
the force histograms for combined data sets reveal broad
unimodal distributions (as for dimer (WW),; see Figure 4), or
bimodal or multimodal distributions (as for Fg monomer; see
Figures S and 6). For bimodal and multimodal shapes, selecting
initial values of the average forces y; is simple; one can set yy,
Hpy - for j = 1,2, efc, to be equal to the force modes. Initial
values of the prior probabilities can be taken as 7; = 1/], and

j
initial values of the standard deviations 6y; can be set to be equal

to O'f/ J2 (Uf is the standard deviation for combined data set).

Case Study 6. Resolving Distributions of Unfolding
Forces without Data Classification and Data Division
into Training and Test Observations. We used the output
from the pulling simulations for dimer (WW), (Figure 1) and
for the Fg monomer (Figure 2) to mimic curated experimental
unfolding force data (rather than “raw experimental data”), but
now we apply EM directly to the unfolding forces from
combined data sets Dy, for (WW), and Dy, for Fg without

maximum likelihood classification. Here, we use visual
inspection of the shapes of experimental force histograms. We
tested EM algorithm with fixed and variable prior probabilities
for Fg. In the first case, we used fixed values 7, = 0.29, 7, = 0.38,
and m; = 0.33, and in the second case, we varied the prior
probabilities starting from 7, = 0.29, 7, = 0.38, and 3 = 0.33. For
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Table 4. Performance of EM in Describing Unfolding Forces for (WW), and Fg without Data Classification”

(ww), Fg
methods/quantities type 1 type 2 type 1 type 2 type 3
g PN 56.2 (56.1)/58.3 63.3 (63.2)/61.2 98.0 (90.5)/98.0 126.8 (125)/124.0 157.2 (157.8)/164.0
oy, pN 6.4 (64)/7.4 7.1(7.1)/7.8 26.7 (22.5)/20.3 14.8 (13.4)/15.3 13.3 (12.1)/13.8
7 0.5 (0.49)/0.5 0.5 (0.51)/0.5 0.29 (0.25)/0.29 0.38 (0.40)/0.38 0.33 (0.35)/0.33
L 0.13 (0.14) 0.13 (0.12) 0.13 (0.15) 0.07 (0.10) 0.08 (0.10)

“Compared for unfolding transitions of types 1 and 2 for (WW), and types 1—3 for Fg are theoretical predictions for the average unfolding forces
Hyp standard deviations oy, and prior probabilities #; obtained with EM and values of these quantities obtained from the pulling simulations
(separated by the slash). The total error, L'-norm, for combined dataset D ww), for (WW), is 0.10. The total error, L'-norm, for combined dataset

Dg, for Fg is 0.15 (0.20) for fixed (variable) prior probabilities. The following data sets were used: Dyw),1 (Mww),1 = 50), Daww),2 (Mww),2 =
50)) DFg (MFg = 82)) Dsim,l (Msim,l = 24)! Dsim,Z (Msim,Z = 31)7 and Dsim,S (Msim,3 = 27)

(WW),, we set initial values to z; = 0.5 and 7, = 0.5. We set
initial values of yi;; to be equal to the locations of the highest bins
in the force histogram for combined data sets (Figure 7): Ha =
56 pN and pi, = 62 pN for (WW), (D(wwy,) and g = 99 pN, iy,
= 122 pN, and py3 = 144 pN for Fg (Dg,). Initial values of s,
were set to be equal to the peak-to-peak distances from the 3D
histogram of bivariate data (not shown) corresponding to these
forces: yt,; = 2.5 nm and ,, = 5.8 nm for (WW), and y,,, = 35
nm, 4, = 30 nm, and y,; = 20 nm for Fg. Initial values of o;; were

set to be equal to O'f,(ww)z/\/i and af,Fg/\/i, where o (yww), =

8.2 pN and o;p, = 31.2 pN are the standard deviations for data
from D), and Dg,. In all cases, the convergence of EM

algorithm was reached in less than 20 steps. The histograms and
nonparametric densities for combined data sets D(ywy), and Dg,

are compared with the theoretical pdfs of unfolding forces for
weighted superposition, Zj N(f ) 05), and for each

transition type, N(fl lﬂfj’ aﬁ), in Figure 7, which shows very

good agreement both for (WW), and Fg. The predicted values
of T, W and oy are compared with actual values of these
quantities in Table 4. The errors for fixed (variable) prior
probabilities are L} = 0.13 (0.14) and L} = 0.13 (0.12) for
(WW), and L{ = 0.13 (0.15), L} = 0.07 (0.10), and L} = 0.08
(0.10) for Fg (Table 4). The agreement is very good both for
(WW), and for Fg notwithstanding the small sample size

(M(Ww)z = 100 and Mg, = 82) and overlapping force ranges

(Figure S2). Hence, the EM-based approach described above
can be applied directly to the experimental data to resolve the
distributions of unfolding forces.

Bl CONCLUSIONS

To conclude, we developed and tested SVM- and EM-based
approaches to statistical learning from single-molecule forced
unfolding experiments. We showed that results from molecular
modeling in silico can be used as a training set to construct the
maximal margin classifier (with SVM) or maximum likelihood
classifier (with EM). These can then be used to classify and
model the experimental unfolding forces. An input from the
computational molecular modeling is desirable for meaningful
interpretation of complex forced unfolding data characterized by
low signal-to-noise ratio. We also proposed a simple EM-based
approach (Case Study 6), which can be applied directly to the
experimental unfolding data. This approach uses information
about the number of unfolding transitions of different types
(available from the shape of experimental force histograms), but
it does not involve data classification and data division into
training and test observations. This approach performs well

5806

when the sample size is small and unfolding transitions of
different types have overlapping force ranges. The developed
SVM- and EM-based methods can be implemented in a single-
molecule experimental setting to understand and model the
protein unfolding data.
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