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Abstract

Protein molecules are the fundamental building blocks of life, and their ability to

respond to mechanical forces through folding and unfolding is central to many biologi-

cal processes as well as to debilitating conditions such as Duchenne muscular dystrophy

(DMD), cardiomyopathies, and neurodegenerative disorders. Single-molecule force spec-

troscopy (SMFS) provides a powerful means of probing proteins with nanometer spatial

and piconewton force resolution. However, extracting biologically meaningful insights

at this scale remains challenging due to the inherent complexity, heterogeneity, and

volume of SMFS data.

This dissertation combines rigorous SMFS experiments with deep learning methods

to advance studying the mechanical properties of protein molecules. Experimentally, we

present our findings on the muscle proteins dystrophin and utrophin using atomic force

microscopy under constant speed and constant force operational modes. These results

reveal distinct unfolding behaviors between dystrophin and utrophin, with important

implications for the therapeutic potential of utrophin in DMD. Computationally, we

introduce a physics-augmented deep learning model that incorporates the physics of

protein unfolding for identifying trials originating from single molecule, which reduces

reliance on manual inspection and accelerates SMFS analysis. We further develop a

physics-aware deep clustering framework that enables domain-level inference, uncover-

ing heterogeneous mechanical properties of protein folding domains in synthetic proteins

as well as in natural proteins such as dystrophin and utrophin. Together, these experi-

mental and computational advances establish a complementary framework for deepening

our understanding of protein molecules while expanding the analytical toolkit available

for single molecule studies.
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Chapter 1

Introduction

Protein molecules, the functional building blocks of life, are composed of more than 20

different types of amino acids. Interactions among these amino acids drive the folding of

the protein into an intricate three-dimensional shape, which determines its function and

behavior. They play essential roles in many biological processes via regulating mechani-

cal forces through the folding and unfolding [6, 7]. Understanding how protein molecules

respond to mechanical forces offers valuable insight into their functional roles and de-

velopment of treatments for a range of debilitating and fatal conditions [3, 8, 9, 10].

For example, mutations in the titin gene can impair its ability to respond to mechanical

tension, resulting in dilated cardiomyopathy [11, 12]. Similarly, characterizing the me-

chanical properties of shock-absorbing muscle proteins such as dystrophin and utrophin

may contribute to effective therapies for Duchenne Muscular Dystrophy (DMD), a fatal

genetic disorder affecting approximately 1 in 5,000 male births [13, 14]. Additionally,

alterations in the mechanical behavior and aggregation of misfolded proteins such as

α-synuclein are increasingly recognized as key factors in the pathogenesis of Parkin-

son’s and Alzheimer’s diseases [15, 16]. Therefore, elucidating how protein molecules

respond to mechanical forces is critical for understanding their functional roles and for

interpreting disease-associated mutations.

Single-molecule force spectroscopy (SMFS) is a well-established method that directly

probes structural changes of macromolecules under the influence of mechanical force.

The development of instruments such as atomic force microscopes (AFM) [17] and op-

tical tweezers [18] have enabled SMFS with the resolution of measuring forces in the

1
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femto to multiple pico Newton range with spatial resolution at the nanometer scale. In

an SMFS experiment, a force probe interacts with target molecules, and the resulting

force-extension data are recorded. A typical workflow includes protein purification (from

bacterial or insect expression systems), sample preparation, and automated AFM mea-

surements that yield thousands of force-extension curves per session. Post-experiment,

expert users manually filter curves to identify those that correspond to interactions with

single molecules. To ensure reproducibility, proteins are typically expressed in at least

three independent batches, each with multiple measurement sessions.

This dissertation employs both experimental and computational methods to advance

our understanding of protein molecules. The outline of the thesis is as follows:

Chapter 2: Duchenne muscular dystrophy (DMD) is a lethal muscle disease that

affects 1 in 5000 boys born in the United States [13] characterized by progressive muscle

degeneration and weakness due to loss of the protein dystrophin [19]. Utrophin, a

natural homolog of dystrophin, has been proposed as a therapeutic substitute due to its

similar structural and functional properties [20]. However, the mechanical properties of

full-length dystrophin have not been thoroughly characterized, and comparisons with

utrophin remain limited. In this chapter, we report the first mechanical characterization

of single full-length dystrophin (Dys) molecules using two operational modes of atomic

force microscopy (AFM); constant speed and constant force as well as Monte Carlo

simulations. Furthermore, we have compared Dys with large fragments encoding the

N-terminus through spectrin repeat 10 (DysN-R10), the C-terminal retinal isoform of

dystrophin (Dp260), and full-length utrophin (Utr).

Chapter 3: Since the size of a typical force probe is orders greater than a typical

bio-molecule, the probe may come in contact with one or more molecules. Measure-

ments obtained from interactions involving more than one molecule confound the in-

terpretation of results and are a significant challenge in characterizing the behavior of

single molecules. How to identify and isolate measurements and data that result from

a single-molecule is an important objective for SMFS. Currently, manual visual inspec-

tion is the primary method for classifying single-molecule data; a process that is both

time-consuming and requires significant expertise that take 12 to 24 hours per session.

Each session of SMFS experiemnts typically involves approximately 2,000–5,000 trials.
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ere, we both apply state-of-the-art machine learning models and present a novel physics-

augmented deep learning model tailored to SMFS data. The proposed model employs

a dual-branch fusion strategy; one branch integrates the physics of protein molecules,

and the other operates independently of physical constraints. Our physics-augmented

model reduces the time required to extract statistically meaningful single-molecule data

from a full session to under one hour.

Chapter 4: Natural proteins are typically composed of heterogeneous folding do-

mains with distinct mechanical properties; deciphering domain-level behavior provides

insights into disease mechanisms [21, 22]. For example, in dystrophin (Figure 4.3, the

N-terminal domain anchors the protein to actin filaments beneath the sarcolemma,

while the spectrin-like triple-helix repeats are hypothesized to unfold in response to

mechanical stress. In this work, we present the first automated framework to identify

heterogeneous folding domains in SMFS data, including both existing clustering models

and a novel physics-aware deep clustering architecture, LatentUnfold. LatentUnfold

learns latent representations from two perspectives, force magnitude and protein un-

folding physical relationship, followed by joint optimization for clustering assignments.

This work enables domain-level biological inference, overcoming prior limitations that

relied on averaging and overlooked heterogeneity, thus advancing the understanding

mechanical behavior of protein unfolding.

Chapter 5: We conclude with a summary of the key contributions of this thesis

and discuss potential future directions to further expand the scope and impact of this

work.



Chapter 2

Single Molecule Force

Spectroscopy of Muscle Proteins

Duchenne muscular dystrophy (DMD) is a lethal muscle wasting disorder caused by

loss of the protein dystrophin. Utrophin is a fetal homologue of dystrophin that is

under active investigation as a dystrophin replacement therapy for DMD. However, it

is unknown if utrophin can substitute for dystrophin from a mechanical perspective. In

this chapter, we directly compared the mechanical properties of full-length dystrophin

with utrophin using atomic force microscopy (AFM) through two operational modes;

constant speed and constant force. Our data reveal distinct mechanical behaviors for

dystrophin and utrophin that suggest their functions are different in vivo.

2.1 Introduction

Dystrophin is a 427 kDa protein expressed primarily at the muscle cell membrane, or

sarcolemma, in striated muscle tissue and is a crucial component of the dystrophin-

glycoprotein complex (DGC) [23]. It is hypothesized that dystrophin acts as a molecu-

lar shock absorber to stabilize the sarcolemma and protect muscle against mechanical

forces during muscle stretching and contraction [24, 25, 26, 27, 28, 14, 29]. Dystrophin

deficiency increases sarcolemmal fragility ultimately leading to myofiber death [30].

The functional domain architecture of dystrophin provides insights into how its

4
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absence leads to disease [14]. At the N-terminus, an actin-binding domain anchors dys-

trophin to actin filaments beneath the sarcolemma (Fig. 2.1A). This is followed by a

central rod domain composed of 24 spectrin-like triple-helix repeats interspersed with

four flexible hinge regions, forming a mechanical linkage between the actin-binding do-

main and the dystrophin-glycoprotein complex (DGC)-binding domains. DGC-binding

is mediated by globular domains located C-terminal to the spectrin-like repeats. It

is hypothesized that the central spectrin-like repeats unfold in response to mechanical

stress, allowing dystrophin to absorb mechanical energy and protect the sarcolemma

from damage. However, the mechanical properties of full-length dystrophin have yet to

be fully characterized, and it remains unclear whether they support its proposed role

as a molecular shock absorber.

Upregulation and subsequent overexpression of a naturally homologous protein,

utrophin, is proposed as a potential DMD therapy with the goal of substituting utrophin

for dystrophin at the sarcolemma [20]. Utrophin (Fig. 2.1A) is abundantly expressed

during fetal development, and like dystrophin, forms a complex with actin filaments

and the DGC at the sarcolemma but is later replaced by dystrophin after birth [31]. In

adult skeletal muscle, utrophin primarily localizes to the myotendinous and neuromus-

cular junctions [32]. Utrophin overexpression is shown to compensate for dystrophin

deficiency in mdx mice [33] and could do so in humans as well. How utrophin’s mechan-

ical properties compare with dystrophin is not known.

In this study, we characterized the mechanical properties of full-length dystrophin

(Dys) using atomic force microscopy (AFM), and compared it with full-length utrophin

(Utr) and large dystrophin fragments encoding the N-terminus through repeat 10 (DysN-

R10) and Dp260 encoding ∼R11-C-terminus (Fig. 2.1A). We performed single molecule

force spectroscopy (SMFS) using both constant speed and constant force modes of AFM.

The statistics of force magnitude data from constant speed mode and the time to un-

ravel statistics of the constant force mode were independently consistent. We analyzed

these data globally using the Dudko Hummer Szabo (DHS) model [34], which serves

as a cornerstone for relating statistics from the two operational modes and extracting

kinetic information to model domain unfolding via Monte Carlo simulations. Such con-

sistency ensures data reliability [35, 36]. Our data demonstrate that Dys, DysN-R10

and Dp260, all exhibit brittle unfolding behavior while the mechanical unfolding of Utr
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is distinct and more complex, marked by a stiffening spring behavior. Our direct in

vitro comparison of Dys and Utr suggest different in vivo functions. Notably, although

the early unfolding behaviors of Dys and Utr are similar, significant differences arise

during the later unfolding events. We hypothesize these differences will impact their

interchangeability as therapeutics.
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2.2 Multiple Modes of Atomic Force Microscope (AFM)

Experiments

2.2.1 AFM Experiments

Single molecule force experiments were conducted using MFP-3D atomic force micro-

scope (AFM) (Asylum Research, an Oxford Instruments Company, Santa Barbara,

CA). The AFM configuration consists of a flexible cantilever with a sharp tip, a laser-

photodiode based sensor for tracking the cantilever tip’s position, and a piezoelectric

nano-positioner capable of moving the substrate in three dimensions relative to the

cantilever base [17]. We employed Bruker MLCT-BIO triangular cantilevers, made of

silicon nitride and coated with reflective gold on the backside, with a nominal spring

constant of 10 pN/nm and a typical tip radius of 20 nm. Prior to each experiment, the

spring constant was determined by analyzing the thermally excited deflection of the can-

tilever [37]. A droplet (∼ 100 µl) of purified protein suspended in PBS, with a dilution

ranging from 3 to 30 nanomolar concentration (nMol), was placed on a freshly cleaved

and ionized mica substrate. The protein concentrations were chosen to ensure a 5-10%

probability of successful pulls, a success percentage used in previous studies to minimize

the probability of pulling multiple proteins [10, 38]. This setup was incubated for 15

minutes to allow the protein to adhere to the mica surface. The droplet containing the

protein solution was then removed and the mica substrate was washed once with 100

µl of PBS to eliminate proteins that had not adhered. A new droplet containing 100

µl of PBS was introduced to establish the environment for the force spectroscopy ex-

periments. Repeated approach-retraction cycles were conducted at room temperature,

where the cantilever’s tip was pressed against the substrate for a duration of 2 seconds,

applying an indentation force of 600 pN. Subsequently, in the constant speed mode, the

cantilever base was retracted at a speed ranging from 200 to 5000 nm/s. The pulling

force on the molecule is balanced by the force experienced by the cantilever, thus the

force, F on the protein was determined as,

F = kcd, (2.1)

where kc is the spring constant of the cantilever and d is the deflection of the cantilever.

In constant force mode, the cantilever base was regulated to maintain a steady deflection,
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resulting in a regulated force on the molecule, ranging from 50 to 90 pN. Data from

300 − 2000 successful force spectroscopy experiments (with at least one identifiable

unfolding event) were collected for each protein under a specific speed or force condition

and used to determine the unfolding statistics.

2.2.2 Constant Speed and Constant Force Experiments

The proteins analyzed in this study are depicted in Fig. 2.1A and their quality assessed

on Coomassie blue-stained SDS polyacrylamide gels (Fig. 2.1B). Dys and Utr prepara-

tions each contained 10% of a ∼60 kDa band (Fig. 2.1B), which was identified by mass

spectrometry to be asparagine-tRNA ligase derived from the insect cell host. We do not

believe that the presence of this minor contaminant impacted subsequent analyses by

AFM because Dys and Utr presented with significantly different unfolding profiles (see

Fig. 2.9) even though both were contaminated to similar extents while the unfolding

profiles for DysN-R10 and Dp260 matched closely that of Dys (Fig. 2.9) even though

preparations of both lacked the contaminating protein (Fig. 2.1B). We also assessed the

potential contribution of asparagine–tRNA ligase to our data and found it represents

less than 5% of traces, confirming that it does not meaningfully affect our results (see

Section 2.6.4 for details). AFM operational modes of constant speed and constant force

were utilized for SMFS experiments. One portion of the protein randomly attaches to

the substrate and the remainder is left free to attach to the force probe, as illustrated by

state 1 in Fig. 2.1C. The cantilever to substrate distance, z, is retracted at a constant

rate in constant speed mode or is controlled to maintain the cantilever deflection d con-

stant, thus ensuring a constant force on protein, in constant force mode. Under such

applied mechanical tension, the protein is stretched, transitioning into state 2 in Fig.

2.1C. Subsequently, one of the folded protein domains unfolds stochastically, leading to

state 3, and the cantilever continues to stretch the protein to state 4. This process is

repeated until all domains are unfolded or the protein link between the cantilever and

the substrate is broken.
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Figure 2.2: SMFS using two operational modes of AFM, constant speed and constant

force. (A) A representative force-extension curve of molecule Dys obtained in constant

speed mode. (B) Unfolding force histograms with fitted kernel density estimation from

one biological replicate of molecule Dys at 1000 nm/s. (C) A representative curve of

molecule Dys from constant force mode, with the extension-time curve in the top panel

and the force-time curve in the bottom panel. (D) Lifetime histograms with fitted kernel

density estimation from one biological replicate of molecule Dys at 70 pN. Unfolding

events are highlighted with blue circles in both (A) and (C).
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In constant speed mode, the applied force drops abruptly when a domain unfolds,

resulting in a saw-tooth pattern in the force versus extension curves. Fig. 2.2A illus-

trates a representative force-extension curve for a Dys molecule with unfolding events

highlighted in blue circles. Unfolding forces were recorded as a function of unfolding

events, leading to statistics of force magnitude data as shown in Fig. 2.2B, with lines

representing the kernel density estimation of the corresponding histograms. Here, a

Gaussian kernel was employed to estimate the underlying probability distribution of

the data collected at 1000 nm/s of molecule Dys.

In constant force mode, unfolding events were identified by discrete steps in the

molecular extension accompanied by corresponding spikes in force, as illustrated with

a Dys molecule in Fig. 2.2C. These unfolding events are marked with blue circles and

a staircase-like pattern can be observed in the extension-time curve. The parameter of

interest is the lifetime of a bound state which is the time for an unfolding event to occur

from the moment the protein is subject to tension. The lifetime histograms together

with kernel density estimation is presented in Fig. 2.2D, where the data was collected

at 70 pN of molecule Dys.

2.2.3 Data Analysis

The raw data obtained from the force spectroscopy experiments are primarily composed

of three main variables: 1) the time for a bond to unravel and how the forces vary with

time, 2) the deflection of the cantilever, and 3) the distance between the base of the

cantilever and the substrate. It includes instances where there is no protein between

the tip and substrate, as well as instances where a protein was effectively adsorbed and

subsequently stretched. To identify successful experiments and extract unfolding events

from data, we utilize a custom algorithm developed in MATLAB R2023b (MathWorks)

[10, 3]. The algorithm calculates the applied force by multiplying the cantilever de-

flection with the spring constant and computes the protein extension by subtracting

the deflection of the cantilever from the distance between the cantilever base and the

substrate. The algorithm first computes the standard deviation σ of noise in the force

signal measured from the approach curve. Subsequently, in constant speed mode, it

detects characteristic peaks in the force signal that exceed 3σ. In constant force mode,

it identifies steps larger than 10σ in the extension signal coinciding with a spike in the
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force signal. Here, the significant events are the peaks in constant speed mode and

steps in constant force mode. The first significant event arises from the adhesive force

between the cantilever tip and the substrate; this event is excluded from the dataset for

subsequent analysis. Similarly, the last significant event, often affected by a detachment

event, is also discarded. The remaining significant events are recognized as domain un-

folding events, which are of interest. The number of significant events is then used to

distinguish between successful and unsuccessful experiments.

The force-extension curves obtained from the constant speed mode are fitted to a

worm-like chain (WLC) model. The WLC model [39] relates the force applied on protein

FWLC to its extension q, and is given by,

FWLC(q, Lc, Lp) =
kBT

Lp

[
1

4(1− q
Lc
)2
− 1

4
+

q

Lc

]
, (2.2)

where kB is the Boltzmann constant, T is temperature, and Lc and Lp are the contour

length and the persistence length of the protein, respectively. For the constant force

mode, extension-time curves are fitted to a staircase function. These curves are then

inspected manually. Curves that show irregularities, such as an excessive number of

unfolding events or distorted significant events that deviate from the characteristics of

the fitting curve, are excluded for further analysis.

To analyze mechanical properties across different unfolding event counts, we first

categorized data from all biological replicates, retaining only categories with sample

sizes greater than 10 to minimize bias. After removing outliers (greater than three

standard deviations from the mean), we performed bootstrapping by resampling with

replacement to generate estimate distributions. This approach allowed us to determine

confidence intervals using percentile methods for both: (1) the most probable unfolding

forces from constant speed measurements and (2) the mean dwell lifetimes from constant

force experiments.

2.3 Evidence Supporting Single Molecule Measurements

To minimize the probability of pulling multiple protein molecules, we optimized the

concentration of molecules deposited (Fig. 2.6). We set the working concentration
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to ensure that the probability of successful pulls remained in the 5–10% range (Ta-

ble 2.1, Fig. 2.3), which lies within the recommended 5–25% window established pre-

viously [10, 3]. As evidence that single molecules are being pulled, we observed that

unfolded lengths increased linearly with event count, with slopes consistent with single

spectrin-like repeats (Fig. 2.14). Furthermore, when high concentrations of proteins

are employed (100 nMol), transition rates koff (F ) estimated based on constant speed

and constant force data do not remain consistent (see Fig. 2.7), indicating multiple

proteins are unfolded at higher concentrations. At concentrations used for the results

and conclusions reached, the data from constant speed and constant force experiments

exhibit consistency in transition rates koff (F ) when analyzed using the DHS model, as

illustrated in Fig. 2.5, indicating that data primarily results from single molecule trials.

Transition rates were estimated from the unfolding force distributions in the constant

speed mode using Eq. 2.5, and from lifetime averages in the constant force mode by Eq.

2.10. In the following analysis, we focus on mean lifetimes derived from the constant

force data and the most probable forces from the constant speed data, as the latter

better represents the distribution than the mean.

Table 2.1: The probability of successful pulls for the first and last unfolding event for

all molecules (Dys, DysN-R10, Dp260, and Utr) from all constant speed data, where

the number of unfolding events per each unfolding event count is summarized in Fig.

2.3

Molecule
Total force

spectroscopy pulls

Probability for the

first unfolding event

Probability for the

last unfolding event Ci

Dys 35762 9.16% C13: 0.045%

DysN-R10 27376 7.54% C8: 0.047%

Dp260 26205 5.28% C11: 0.053%

Utr 37660 6.86% C14: 0.032%

2.3.1 Characterization of unfolding events per unfolding event count

To minimize the probability of pulling multiple protein molecules, the concentration is

generally lowered to the point where the probability of successful pulls is in the 5-25%
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range, as established in previous studies [10, 3]. In the present study, we maintained

this probability in the 5–10% range, derived from all constant speed data, as shown in

Table 2.1. The protein concentrations used in constant force experiments were identical

to those in constant speed and were drawn from the same biological replicates, thus

the data collection rate in constant force experiments is comparable to that observed in

constant speed.

These data also reflect that the successful probability decreases markedly with in-

creasing unfolding event count (e.g., Dys: 9.16% at the first event vs. 0.045% at C13).

To quantitatively capture this trend, we fit the number of unfolding events versus un-

folding event count using an exponential model y = ae−bx, where b is the exponential

decay rate and a is the scaling factor. The average fitted decay rate across all constructs

from both constant-speed and constant-force data is b = 0.54, with detailed decay rates

provided in Table 2.2. This corresponds to a decay factor of e−0.54 ≈ 0.58, meaning

the number of unfolding events decreases by approximately 42% per additional unfold-

ing event count. Practically, this means that, based on the average total pulls across

four molecules in Table R1, we would need to perform approximately 51,000 additional

experiments to observe just one more unfolding event. Thus, observing traces with a

larger number of unfolding events than 14 is quite improbable and impractical.

Table 2.2: Decay rate for all molecules (Dys, DysN-R10, Dp260, and Utr) of both

constant speed and constant force data, where the number of unfolding events per each

unfolding event count is summarized in Fig. R6.

Molecule Dys DysN-R10 Dp260 Utr

CS decay rate 0.41 0.48 0.37 0.37

CF decay rate 0.52 0.71 0.74 0.70

Furthermore, the distribution of unfolding events per unfolding event count remains

consistent across molecules (Fig. 2.3), which further supports that our data are not bi-

ased by nonspecific desorption artifacts. If nonspecific desorption events were a variable

contributor, we would expect deviations from this trend between molecules. There-

fore, the distinct trends observed between Dys and Utr are more likely due to intrinsic
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differences in mechanical unfolding behavior, rather than desorption artifacts.

FE

HG

Dys

Utr

Dp260

DysN-R10

Constant speed Constant force
BA

DC

Figure 2.3: Number of unfolding events per unfolding event count for molecules (Dys,

DysN-R10, Dp260, and Utr; from top to bottom), shown for constant speed data (left

column) and constant force data (right column). The x-axis labels are formatted as

{Ci : n = x}, indicating that ‘n = x’ unfolding events resulted in an unfolding event

count of ‘Ci’, i = {1, 2, 3, . . . }. The y-axis represents the probability, which generally

decreases with increasing unfolding event count. A y-axis break at 0.02 is included to

enhance visualization of lower probability values.
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2.3.2 Consistent Unfolding Transition Rates across Multiple Modes of

AFM

Two State System

Figure 2.4: Schematic energy landscape along the reaction coordinate, where the intrin-

sic energy landscape U0 is titled by −Fx as the external force F increases, illustrated

in blue.

In many cases, the unfolding process of a single folded domain of protein can be modeled

with a one-dimensional projected energy landscape along the reaction coordinate with

two stable states being the local minimas in the projected energy landscape. The

intrinsic free energy landscape U0(x) along reaction coordinate x (see Fig. 2.4), is

assumed to have minimas at folded state xf and unfolded state xu with a barrier of

height ∆G‡ at the transition point xt, where ∆G‡ := U0(xt) − U0(xf ) is the energy

difference between energy levels at xt and xf . The distance between the folded state

and the transition point is defined as ∆x‡ := xt−xf . Additionally, the rate of transition

from the folded to the unfolded state under intrinsic energy landscape k0 is exponentially

related to the energy barrier, i.e., k0 ∝ e
−∆G‡

kBT [40], where kB is the Boltzmann constant

and T is temperature.

An external force F results in a tilted energy landscape as shown in Fig. 2.4. The

modified energy landscape is given by UF (x) = U0(x)−Fx with a smaller barrier height.

Additionally, the associated transition rate is denoted as koff (F ) and is related to the



16

force-dependent lifetime τ(F ), which is the time it takes to unfold under such force,

through koff (F ) := 1/⟨τ(F )⟩; where ⟨·⟩ denotes the mean.

The Dudko-Hummer Szabo Model

In the context of two-state process, the transition rate koff (F ) can be obtained from the

probability distribution p(F ) of unfolding forces measured from constant speed mode

as [1, 34],

koff (F ) =
p(F )r(F )∫∞
F p(F ′)dF ′ , (2.3)

where r(F ) := dF
dt is the loading rate. This equation illustrates how the distributions of

unfolding forces, measured under constant speed mode, can be converted into lifetime

statistics measured in constant force mode, and is applicable regardless of the specific

shape of the energy landscape.

The histogram of unfolding forces is constructed with equal bin width ∆F ; starting

from F0 and ending at FN = F0 +N∆F . Let the height of kth bin be,

hk =
Ck

Ctot∆F
, (2.4)

where Ck is the number of counts in kth bin and Ctot =
∑

iCi is the total number of

counts in the histogram. The transition rate koff corresponding to the kth bin is found

by [34],

koff

(
F0 + (k − 1

2
)∆F

)
=

hkr
(
F0 + (k − 1

2)∆F
)(

hk
2 +

∑N
i=k+1 hi

)
∆F

, (2.5)

where r
(
F0 + (k − 1

2)∆F
)
is the average loading rate of kth bin.

The Dudko-Hummer-Szabo (DHS) model [34] considers two different shapes of en-

ergy landscape to derive analytical expressions for koff (F ) using Kramers theory [40].

The two energy landscapes are: 1) the cusp-like energy landscape which is described by

U cl
0 (x) = ∆G‡ (x/∆x‡

)2
for x < xt and U cl

0 (x) = −∞ otherwise [41], and 2) the linear-

cubic energy landscape which is described as U lc
0 (x) = 3

2∆G‡ (x/∆x‡
)
−2∆G‡ (x/∆x‡

)3
[1]. The transition rate is given by,

koff (F ) = k0

(
1− νF∆x‡

∆G‡

) 1
ν
−1

e
β∆G‡

[
1−
(
1− νF∆x‡

∆G‡

)1/ν]
, (2.6)

with ν = 1/2 or 2/3 for the cusp-like and linear-cubic energy landscape, respectively.
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Monte Carlo Simulation

Algorithm 1 Protein Unfolding Monte Carlo Simulation

Require: v, N , Lc, Lp, ∆Lc, ∆Lp, k0, ∆x‡, ∆G‡

1: Initialization: z ← 0

2: for t← 0 : ∆t : T do

3: z ← z + v∆t

4: Solve Eq. 2.7 for q

5: Calculate F using Eq. 2.8

6: Compute koff (F ) using Eq. 2.6

7: Compute Pu(F ) using Eq. 2.9

8: Draw η ∼ U[0,1]
9: if η < Pu(F ) then

10: Lc ← Lc +∆Lc, Lp ← Lp +∆Lp, N ← N − 1

11: end if

12: end for

For simulations, a protein of N folded domains is considered with one end attached to

the substrate and the other end attached to the force probe. For simulating constant

speed experiments, the base of the cantilever probe is moved away at a constant speed

v; here the position of base of the cantilever z is initialized at zero and is updated every

∆t seconds. The protein extension q is determined by solving the equation,

FWLC(q, Lc, Lp) = kcd. (2.7)

Here, FWLC(q, Lc, Lp) is the force on the protein determined by the WLC model [39]

given by,

FWLC(q, Lc, Lp) =
kBT

Lp

[
1

4(1− q
Lc
)2
− 1

4
+

q

Lc

]
, (2.8)

where Lc and Lp are the contour length and the persistence length of the protein,

respectively. The transition rate koff (F ) is computed using Eq. 2.6, and the probability

of a domain unfolding during the time interval ∆t is found by

Pu(F ) = N(1− e−koff (F )∆t). (2.9)
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For determining unfolding events, a random number η is generated uniformly from 0 to

1 and is compared to the unfolding probability Pu(F ). No unfolding event is triggered

if the random number is larger than Pu(F ) and the simulation will continue to the next

time slot by adding time interval ∆t. Otherwise, one of the domains is unfolded, leading

to a decrease in the number of folded domains, N , by 1, and the simulation continues

to the next unfolding event if folded domains still remain. After each unfolding event,

contour length and persistence length are updated by adding increments ∆Lc, ∆Lp

respectively. The constant speed pulling simulation algorithm is described in Algorithm

1, when performed with constant force, the force F is required instead of the speed v,

and lines 2-4 in Algorithm 1 are skipped.

Transition Rates Correction

For the constant force mode, where the force is regulated, the typical force feedback

response time τI for Atomic Force Microscopy (AFM) is around 2ms [42]. Consequently,

corrections are required to account for unfolding events that might not be observed due

to finite temporal resolution [43]. Under ideal conditions, with τI = 0, the transition

rate is defined as the inverse of the average lifetime and is determined by,

⟨τ⟩ =
∫ ∞

0
τPs(τ)dτ =

∫ ∞

0
τkmole

−kmolτdτ =
1

kmol
, (2.10)

where the probability density of lifetime is given by Ps(τ) = kmole
−kmolτ (according to

Bell model [44]) and kmol is the actual molecular transition rate. However, our obser-

vations of lifetimes are limited to τ > τI . This limitation leads to the experimentally

observed transition rate, kobs, which is determined by

1

kobs
=

∫ ∞

τI

τ

(
kmol

e−kmolτI

)
e−kmolτdτ =

1 + kmolτI
kmol

, (2.11)

where the term enclosed within parentheses represents the normalization of the distri-

bution over the restricted domain. By rearranging Eq. 2.11, we derive the correction

formula that compensates for unobserved unfolding events attributed to the constraints

posed by the finite instrumental response:

kmol =
kobs

1− kobsτI
. (2.12)
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Figure 2.5: Validation of consistency between constant-speed and constant-force AFM

experiments using Monte Carlo simulations (Dys data shown). (A) Force-extension

curve at constant speed. (B–C) Unfolding force distributions at various pulling speeds

(500–5000 nm/s). (D) Transition rates extracted from constant-speed data. (E)

Extension- and force-time curves under constant force. (F–G) Lifetime distributions

across forces (50–90 pN). (H–I) Simulated unfolding force and lifetime statistics. (J–K)

Comparison of koff(F ) between experimental and simulated data across both AFM

modes. (L–M) Energy landscapes fitted with cusp (ν = 1/2) and linear-cubic (ν = 2/3)

models.



20

Consistency of Multiple Modes of AFM

We utilized the DHS model to relate obtained statistics from the two different opera-

tional modes and further comparison was done with Monte Carlo simulations per each

biological replicate. The procedure is detailed in this section using the molecule Dys

(Fig. 2.5); results for other molecules are provided in Fig. 2.21.

In the constant speed mode, multiple pulls of the molecule at pulling speed at 1000

nm/s are conducted, with unfolding force distributions summarized in Fig. 2.5B, where

the line represents the kernel density estimation of the corresponding histogram. The

pulling speeds were then varied (500, 1000, 2000, and 5000 nm/s) with unfolding force

distributions shown in Fig. 2.5C as violin plots, where lines on each side represent the

kernel density estimation. Subsequently, the unfolding force distributions from different

pulling speeds were used to estimate transition rate koff (F ) using Eq. 2.5, leading to

Fig. 2.5D. The average transition rate across all pulling speeds is used for comparison,

represented by the green square line Fig. 2.5J. In the constant force mode, experiments

were conducted at one regulated force (Fig. 2.5F) and repeated at different regulated

forces ranging from 50 to 90 pN, with lifetime statistics depicted in Fig. 2.5G. The

transition rates were determined using Eq. 2.10 followed by the correction with Eq.

2.12, which results in the yellow line in Fig. 2.5J.

Our experimental data show consistent transition rates across constant speed and

constant force modes. The DHS model was then utilized to extract energy landscape

parameters, including k0, ∆G‡, and ∆x‡, from curve fitting of Eq. 4.7 using the least

squares method. Here, all domains were assumed to be homologous and independent.

Monte Carlo simulations, which require extracted energy landscape parameters as well as

molecular parameters such as contour length, persistence length, and their correspond-

ing increments (estimated from experiments and molecular structure), were conducted

to further validate the consistency of the results. Simulations in both constant speed

and constant force modes, detailed in Algorithm 1, produced force magnitude and life-

time statistics with corresponding kernel density estimations illustrated in Fig. 2.5H

and Fig. 2.5I, respectively. Transition rates from simulated data were also estimated,

with results depicted in Fig. 2.5J. The green line with stars and the light green line

with triangles represent transition rates obtained from simulated constant speed and

constant force data, respectively.
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Notably, the transition rates were closely aligned (with CV< 0.2 in log(koff )) across

four different scenarios: experimental constant speed, experimental constant force, sim-

ulated constant speed, and simulated constant force, as evidenced by Fig. 2.5J. This

process was then expanded to compute transition rates koff from different biological

replicates. The mean values of koff across these repeats are illustrated in Fig. 2.5K,

with error bars representing standard deviations. Corresponding energy landscapes,

fitted with both cusp-like and linear cubic energy landscape shapes, are shown in Fig.

2.5L and M. The shaded areas in these plots represent standard deviations of extracted

parameters observed across various biological replicates. The same analysis was per-

formed for DysN-R10, Dp260 and Utr. The results are consistent across across four

distinct scenarios as shown in Fig. 2.21. Experimental and simulated data for these

molecules are summarized in Figs. 2.8 and 2.18, respectively. This entire procedure was

calibrated using Titin I27O (Fig. 2.11).

2.3.3 Concentration Optimization to Minimize Multiple-Protein Pulls

To further validate that our protein concentration was appropriate, we conducted addi-

tional experiments using Dys at three concentrations, 1 nMol, 10 nMol, and 100 nMol,

as shown in Fig. 2.6. The probability of successful pulls at 10 nMol was 7.2%, within

the recommended range. However, when the concentration was reduced tenfold to 1

nM, the probability of successful pulls dropped to 1.5%, and very few usable traces

were collected. Conversely, increasing the concentration tenfold to 100 nM resulted in

a much higher success rate of 26.2%, which exceeds the suggested range of 5–25%.

We analyzed the data obtained at 10 nMol and 100 nMol concentrations, as shown

in Fig. 2.7. Data from 1 nMol were excluded due to the low number of useful data.

In Fig. 2.7, newly collected experimental data from both constant speed and constant

force measurements are compared with simulated data generated using the parameters

reported in Table 1 of the main manuscript. For constant speed data (Fig. 2.7A), the

most probable unfolding force increases with pulling speed at 10 nMol, as expected. In

contrast, the 100 nMol data deviate from the expected trend. For constant force data

(Fig. 2.7B), the average lifetime consistently decreases with increasing regulated force

at 10 nMol, while no clear trend is observed at 100 nMol. Consequently, the transition

rates koff (F ) derived from 10 nMol data align well with the simulated data (Fig. 2.7C),
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whereas the transition rates at 100 nMol shift toward lower values. This discrepancy

may result from data of multiple molecules at the higher concentration. Furthermore,

the fitted energy landscapes with ν = 1/2 (Fig. 2.7D) and ν = 2/3 (Fig. 2.7E) show

substantial disagreement 100 nMol.

Overall, these results suggest that 100 nMol is too high a concentration, likely leading

to data from multiple molecules. Conversely, 1 nMol yields too few successful events

to support reliable analysis. Therefore, 10 nMol represents a good choice, and the

present study is consistent with this condition, as the probability of successful pulls at

10 nMol closely matches those in our data reported in Table 2.1. In addition, a global

fit with the DHS model across both operational modes produced consistent transition

rates and energy-landscape parameters; Monte Carlo simulations further corroborated

these results, mitigating the potential influence of multiple protein events.

Constant 
speed

Constant 
force

10 nMol
Total pulls = 11705

Probability of successful pulls = 7.2%

100 nMol
Total pulls = 13570

Probability of successful pulls = 26.2%

1 nMol
Total pulls = 11465

Probability of successful pulls = 1.5%

Figure 2.6: Number of unfolding events per unfolding event count for different concen-

trations, 1 nMol, 10 nMol, and 100 nMol (left to right) for both constant speed (top)

and constant force (bottom) data. The x-axis labels are formatted as {Ci : n = x},
indicating that ‘n = x’ unfolding events resulted in an unfolding. Total pulls refer to

the combined number from both constant speed and constant force. The probability of

successful pulls is calculated as the number of unfolding events at C1 (unfolding event

count = 1) from both constant speed and constant force, divided by the total number

of pulls.
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10 nMol 100 nMolA

B

C

D

E

Figure 2.7: Detailed comparison of unfolding behavior at two concentrations: 10 nM

(left) and 100 nM (right). (A) Unfolding force statistics across pulling speeds from 200

to 5000 nm/s, with the black stars indicating the most probable forces. (B) Lifetime

statistics across multiple regulated forces ranging from 50 to 90 pN, with red triangles

showing the average lifetimes. (C) Transition rates koff (F ) for both experimental and

simulated data using constant force and constant speed modes. Simulations were per-

formed using the parameters listed in Table 1 of the main manuscript. Fitted energy

landscapes with ν = 1/2 and ν = 2/3 are shown in (D) and (E), respectively.
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2.4 Mechanical Properties of Dystrophin and Utrophin

2.4.1 The Mechanical Properties of Dys Differ Significantly from Utr,

with Dys Exhibiting Brittle Unfolding Behavior

Dys UtrDp260DysN-R10A

B Pulling Speed [nm/s]
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Figure 2.8: Statistical summary ofN = 3 biological replicates for (A) constant speed and

(B) constant force experiments. Each column presents results for different molecules,

namely Dys, DysN-R10, Dp260, and Utr from left to right. The data from three biologi-

cal repeats are visualized in purple, pink, and yellow. Unfolding force distributions from

constant speed experiments and lifetime distributions from constant force experiments

are depicted using violin plots. The violin plots illustrate data distributions using kernel

density estimation as black lines on each side, with the width of each curve indicating

the relative frequency of data points. Meanwhile, black stars signify the positions of

values with the highest probability, visualized by the widest section of the violin plot,

and red triangles indicate the lifetime averages, calculated from identical forces and

replicates.

Data were collected across N = 3 preparations of both Dys and Utr using constant speed

and constant force AFM modes. Violin plots of constant speed experiments conducted

at five different pulling speeds (200, 500, 1000, 2000, and 5000 nm/s) are shown in Fig.

2.8A while the constant force data collected at five different forces (50, 60, 70, 80, and 90
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pN) are presented in Fig. 2.8B. To further confirm that our measurements reflect single

molecule events, we provide detailed histograms of the unfolding force distributions

from the constant speed experiments and the lifetime distributions from the constant

force experiments in Figs. 2.12 and 2.13, respectively. The unfolding force distributions

for Dys and Utr shift toward higher values at higher pulling speeds (Fig. 2.8A). To

quantify the consistency across different biological replicates, we used the coefficient

of variation (CV), defined as the ratio of the standard deviation to the mean. The

largest CV observed were 0.088 for Dys and 0.044 for Utr, both observed at 2000 nm/s

(Table 2.4). The lifetime averages also exhibited a high degree of consistency among

different biological replicates measured at the same regulated force, and decreased with

increasing regulated forces, as illustrated in Fig. 2.8B. The largest CV were 0.147 at 60

pN for Dys and 0.065 at 50 pN for Utr (Table 2.4).

Notably, Dys consistently exhibited shorter lifetime averages than Utr under the

same regulated forces (Table 2.4). As the regulated force increased, the faster unfolding

events reduced the resolution, narrowing the difference in lifetime averages between

Utr and Dys from 0.100 s (58.8% of Dys’ lifetime) at 50 pN to 0.002 s (3.8%) at 90

pN. In constant speed mode, Dys displayed lower most probable unfolding forces than

Utr at same pulling speeds. The difference decreased from 15 pN (25.8% of Dys’ most

probable force) at 200 nm/s to 4 pN (3.3%) at 2000 nm/s, and approached zero at

5000 nm/s. Moreover, we conducted the two sample Kolmogorov-Smirnov (KS) test

[2], which tests the null hypothesis that the distributions of two samples are identical,

with the level of confidence α = 0.05. Across all pulling speeds and regulated forces, all

p-values comparing Dys and Utr were below 0.05 (Fig. 2.22), indicating significantly

different mechanical properties (unfolding forces and lifetimes) between these Dys and

Utr proteins.

We categorized data from all biological replicates by unfolding event counts and

plotted the most probable forces from constant speed experiments of all pulling speeds,

and mean dwell lifetimes from constant force measurements of all regulated forces,

with their corresponding confidence intervals (Fig. 2.9; see Materials and Methods for

plotting details). Dwell lifetime, the time interval between consecutive unfolding events,

accurately quantifies bond strength as additional domains become unbound.
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A

B

Figure 2.9: Protein mechanical behavior as a function of unfolding event count (the

number of domains unfolded). (A) Most probable forces from constant speed experi-

ments. (B) Mean dwell lifetime, the time interval between consecutive unfolding events,

derived from constant force experiments. Error bars represent 95% confidence intervals,

calculated using bootstrapping.

Our previous findings [10] demonstrated that Utr exhibits a stiffening spring behav-

ior, with most probable forces increasing as the unfolding event count (the number of

domains unfolded) rises. Here, we extend this analysis to include both constant speed
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and constant force data, as shown in Fig. 2.9. The consistency of the data across these

two operational modes further strengthens the interpretation established in our earlier

work. For Dys, the most probable forces remained below 200 pN, and mean dwell life-

times were consistently under 0.1 s across all unfolding event counts. When comparing

Utr and Dys with a 95% confidence interval, Utr consistently demonstrated higher un-

folding forces across all events and higher mean dwell lifetimes across all events. The

divergence between Dys and Utr becomes increasingly pronounced at higher unfolding

event counts. For large unfolding event counts (greater than 5), error bars overlapped

only at counts of 9 and 12 from constant speed data and at 6 from constant force data.

To further probe these trends, we plotted histograms for Dys and Utr at early and late

unfolding event counts (Fig. 2.19). In both constant speed and constant force data,

Dys exhibits similar distributions across early and late unfolding event count, whereas

Utr shows marked differences with flatter distributions and shifted peaks under late

unfolding events. These differences are also evident in additional example traces with a

large number of unfolding events (Fig. 2.17). Finally, we applied a substantially stricter

filtering criterion to the constant-speed data, which is produced in Fig. 2.20, which cor-

roborates the trend in the data shown in Fig. 2.9A. In summary, these findings highlight

significant differences in mechanical properties between Dys and Utr, showing that Dys

exhibits a brittle unfolding behavior while Utr exhibits a stiffening spring behavior.

2.4.2 DysN-R10 and Dp260 Exhibit Comparable Mechanical Proper-

ties to Dys, in Contrast to the Stiffening Spring Behavior of

Utr

To assess whether dystrophin’s brittle unfolding behavior is a property of the full-length

protein or intrinsic to either the N-terminal or C-terminal half, we conducted experi-

ments on two other dystrophin fragments, DysN-R10 and Dp260, under both constant

speed and constant force modes across N = 3 biological replicates. The unfolding force

and lifetime statistics are summarized in Fig. 2.8 and Table 2.4. The most probable

unfolding forces (CV < 0.11) and lifetime averages (CV < 0.08) were consistent across

biological replicates for both DysN-R10 and Dp260. When comparing the magnitudes

of most probable forces and lifetime averages across various pulling speeds and regu-

lated forces, Dys exhibited greater or equal magnitudes than DysN-R10 in six conditions
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(2000 nm/s, 5000 nm/s, and 60-90 pN), and greater or equal magnitudes than Dp260

under three conditions (2000 nm/s, 5000 nm/s, and 90 pN). The results indicated no

significant differences (p-values >0.05) between Dys and DysN-R10 under the condi-

tions of 200 nm/s, 1000 nm/s, 5000 nm/s, 80 pN, and 90 pN; and between Dys and

Dp260 at 90 pN (Fig. 2.22).

Analysis based on unfolding event counts (Fig. 2.9) revealed that neither DysN-R10

nor Dp260 exhibited the stiffening spring behavior observed in Utr. The most proba-

ble forces of DysN-R10 and Dp260 remained below 200 pN, and mean dwell lifetimes

consistently stayed under 0.1 s across all unfolding event counts, mirroring the behav-

ior observed in Dys. Quantitatively, the most probable force increases by ∼ 65% for

Dys (∼ 85 pN to ∼ 140 pN), by ∼ 45% for DysN-R10 (∼ 100 pN to ∼ 145 pN), and by

∼90% for Dp260 (∼100 pN to ∼190 pN), whereas Utr shows a much more pronounced

increase from ∼100 pN to over 400 pN (greater than 400% increase). In summary,

the mechanical properties of DysN-R10, Dp260, and Dys are comparable, all exhibiting

brittle unfolding behavior, in contrast to the stiffening spring behavior observed in Utr.

2.4.3 The DHS Model Reveals Similarity among Dys Constructs and

Distinction from Utr

We applied the DHS model to extract key energy landscape parameters, including the

intrinsic transition rate k0, the barrier height ∆G‡, and the distance between the folded

state and the transition point along the reaction coordinate ∆x‡, by fitting Eq. 4.7

using the least squares method. The consistency of these results was further validated by

Monte Carlo simulations, as detailed in Fig. 2.5 for the Dys molecule; similar consistency

for other molecules was summarized in Fig. 2.21. Here we present the average transition

rates, koff , across different operational modes and biological replicates in Fig. 2.10A,

where the mean values and standard deviations are represented by lines and error bars.

Additionally, corresponding energy landscapes with both cusp-like (ν = 1/2) and linear

cubic (ν = 2/3) shapes are plotted in Fig. 2.10B,C, with associated parameters listed

in Table 2.3.
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Table 2.3: DHS model parameters of four molecules: Dys, DysN-R10, Dp260, and Utr.

Molecules
DHS ν = 1/2

ln(k0) ∆x‡ [nm] ∆G‡ [kBT ] ∆x‡ diff (%)

Dys −2.363± 0.243 0.475± 0.028 8.528± 0.620 0.00

DysN-R10 −2.795± 0.453 0.493± 0.052 9.599± 0.633 3.79

Dp260 −2.678± 0.206 0.438± 0.018 9.408± 0.536 7.79

Utr −2.719± 0.344 0.419± 0.040 9.489± 0.622 11.79

Molecules
DHS ν = 2/3

ln(k0) ∆x‡ [nm] ∆G‡ [kBT ] ∆x‡ diff (%)

Dys −1.809± 0.319 0.376± 0.026 7.376± 0.617 0.00

DysN-R10 −2.209± 0.417 0.396± 0.040 8.361± 0.643 5.32

Dp260 −2.242± 0.280 0.364± 0.020 8.250± 0.542 3.19

Utr −2.287± 0.294 0.348± 0.025 8.256± 0.582 7.44

a Energy landscapes depicted in Fig. 2.10 are based on the parameters pro-

vided here.

b∆x‡ difference represents the absolute percentage change in ∆x‡ relative to

Dys.

Dys consistently exhibited larger transition rate averages (koff ) than Utr, with the

difference decreasing as force increased (Fig. 2.10A). This observation aligns with earlier

findings on comparison of lifetime averages and most probable unfolding forces (Table

2.4). Similarly, Utr had smaller transition rate averages compared to both DysN-R10,

and Dp 260. Furthermore, crossover points were observed between DysN-R10 and Dys at

70 pN, and between DysN-R10 and Dp260 at 100 pN, indicating comparable mechanical

properties among these molecules.
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Figure 2.10: Transition rates and energy landscapes of four molecules, Dys, DysN-

R10, Dp260, and Utr. (A) koff -vs-F curves showing mean values (lines) and standard

deviations (error bars). (B) Cusp-like (ν = 1/2) energy landscapes and (C) linear cubic

(ν = 2/3) energy landscapes, with mean values (lines) and standard deviations (shaded

area). Mean and standard deviations are computed across different operational modes

and biological replicates.
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From the perspective of energy landscape parameters, smaller ∆x‡, k0 and larger

∆G‡ correspond to a steeper energy landscape (Fig. 2.4). We note that when k0 are

similar, ∆x‡ values are generally robust to draw quantitative comparisons [45, 46]. This

is because the tilted energy barrier ∆G‡
F decreases faster with larger ∆x‡ under external

force F , following the relationship ∆G‡
F = ∆G‡ − F∆x‡. The absolute percentage

change in ∆x‡ relative to Dys when compared to Utr are 11.79% and 7.44% for ν =

1/2 and ν = 2/3, respectively (Table 2.3). However, smaller percentage changes are

observed when Dys is compared to DysN-R10 or Dp260. Specifically, the larger absolute

percentage change in ∆x‡ for ν = 1/2 was 7.79% for Dys versus Dp260, and it was for

5.32% for Dys versus DysN-R10. Taken together, DysN-R10 and Dp260 exhibited more

similarity to Dys when compared to Utr.

2.5 Discussion

The key conclusion from our work is that both constant speed and constant force modes

of atomic force microscopy show that the mechanical properties of full-length dystrophin

are distinct from utrophin. We collected a large amount of data to ensure statistically

meaningful results and optimized protein concentrations to ensure that results and con-

clusions are based on single molecule trials (Table 2.1). Our data from different modes

exhibited consistency in transition rates koff estimated from fitting the DHS model to

both data sets. This conclusion is supported by Monte Carlo simulations (Fig. 2.21).

At higher concentrations, however, this consistency breaks down (Fig. 2.7), further sup-

porting that our measurements reflect single-molecule events rather than simultaneous

pulling of multiple proteins.

Previous SMFS studies showed that small dystrophin fragments had unfolding forces

of ∼20-50 pN [47, 48, 29], while we demonstrated that full-length utrophin and large

utrophin fragments, comprising approximately half the molecule, unfold with forces of

∼100 pN [10]. Our subsequent study showed that differences in protein expression sys-

tem and phosphorylation partially account for the differences in unfolding forces between

our study of utrophin and prior studies of dystrophin fragments [3]. Therefore, here we

directly compared the mechanical properties of recombinant utrophin and dystrophin

expressed using the same cell expression and AFM systems.
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Our data showed that Dys exhibits uniform unfolding properties also displayed by

its N- and C-terminal large fragments, DysN-R10 and Dp260 (Fig. 2.8, Fig. 2.22 and

Table 2.4). All three molecules displayed brittle unfolding behavior, with both the most

probable unfolding forces and lifetime averages remaining consistent as the unfolding

event counts increases. Previous studies showed that different fragments of dystrophin’s

central rod domain exhibited similar unfolding forces [29], and that forces to unfold a

mini-dystrophin appeared the same as its shorter core construct [47]. These observa-

tions together with our results of longer dystrophin constructs further corroborate a

brittle unfolding behavior for dystrophin. The unfolding behavior of dystrophin and its

large fragments contrasts strikingly with the stiffening spring behavior that we previ-

ously reported for utrophin [10] and confirmed here (Fig. 2.9). Notably, these divergent

mechanical behaviors become most apparent at higher unfolding event counts, as also

observed in our previous findings [10], where the differences between utrophin and dys-

trophin are amplified and not explained by the properties of smaller fragments alone.

Furthermore, energy landscapes supported these findings (Fig. 2.10, Table 2.3), show-

ing that Utr is positioned significantly further away from Dys compared to DysN-R10

and Dp260.

Our study quantifies the mechanical properties of dystrophin, its large fragments

(DysN-R10 and Dp260), and utrophin using both constant speed and constant force

atomic force microscopy. Data from different modes, with consistency via the DHS

model, revealed two distinct mechanical behaviors. Dystrophin and its fragments ex-

hibit a brittle unfolding behavior, where sequentially unfolding domains display similar

mechanical properties. In contrast, utrophin is a stiffening spring, with increasing re-

sistance to unfolding events. Although AFM-based force spectroscopy probes forces

higher than those expected in vivo, it offers valuable insight about how these proteins

may behave. Notably, the mechanical differences between utrophin and dystrophin are

increasingly pronounced at lower pulling speeds and regulated forces, suggesting that

in the physiological regime of a few piconewtons, the contrast is likely to be even more

significant.

We hypothesize that dystrophin’s brittle unfolding behavior allows it to dissipate

mechanical energy during muscle stretching through stochastic domain unfolding, ef-

fectively protecting the sarcolemma from mechanical tearing or rupture. In contrast,
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utrophin’s stiffening spring behavior, concentrates rather than dissipates mechanical

stress, potentially exacerbating membrane damage through sudden energy release when

forces are abruptly removed. These contrasting behaviors reinforce the hypothesis that

dystrophin functions as a molecular shock absorber, protecting the sarcolemma from

mechanical stress.

Utrophin’s stiffening behavior, however, appears well-suited to its native localization

at the myotendinous junction [32], where its primary role involves efficient mechanical

force transfer rather than energy dissipation. This functional specialization is further

supported by in vivo evidence showing decreased passive stiffness measured at the ten-

dons of skeletal muscles isolated from utrophin knockout mice [10]. Thus, utrophin’s

mechanical behavior at the level of single molecules is consistent with its role as a stiff

elastic element working in series with titin at myotendinous junctions. In contrast, the

brittle unfolding behavior of dystrophin seems consistent with its hypothesized func-

tion as a membrane shock absorber. Interestingly, replacement of 4 dystrophin repeats

with 4 α-actinin repeats in a micro-dystrophin transgene construct failed to rescue the

dystrophic phenotypes of mdx mice [49]. While transgenic overexpression of full-length

utrophin effectively rescues most mdx phenotypes [33], it does not protect mdx mus-

cle from eccentric contraction-induced force loss in vivo as effectively as dystrophin or

mini-dystrophin transgenes [50]. Taken together, these findings suggest that dystrophin

and utrophin perform different mechanical functions in muscle cells, and that utrophin

may not be an ideal therapeutic surrogate for dystrophin deficiency in DMD because it

exhibits a stiffening spring mechanical response compared to the brittle shock absorber

behavior exhibited by dystrophin.

2.6 Supporting Information

2.6.1 Cloning

Dys, DysN-R10, Dp260, and Utr were cloned as previously described [51]. All constructs

contained an N-terminal FLAG-tag for affinity purification [51, 10].
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2.6.2 Protein Expression and Purification

Insect cells used for protein expression were maintained at 1× 106 cells/mL in 250 mL

suspension cultures. Sf9 cells and Tni cells were grown in Sf-900™ II SFM (Thermo

Fisher Scientific) and ESF 921™ (Expression Systems), respectively, both supplemented

with penicillin/streptomycin (Sigma-Aldrich) and fungizone (Thermo Fisher Scientific)

in a 250 mL suspension culture. The baculovirus generation for Utr was previously

described [3]. For Dys, DysN-R10, and Dp260, higher-titer viral stocks were generated

through successive infections of Sf9 cells in 6 cm (P0), 10 cm (P1), and 15 cm (P2) plates.

For P0, 2.5× 106 cells were plated and allowed to adhere for 1 hour before transfection

with a bacmid and Cellfectin mix. After 5 hours at 27, extant media was removed, 4

mL Grace’s complete media (Thermo Fisher Scientific), FBS, antibiotics, and antifungal

were added, and the plates were incubated at 27 for 4 days. For P1, 10× 106 cells were

plated and incubated for 1 hour at room temperature before adding 1 mL of P0 virus

to each plate. The cells were then incubated for another hour at room temperature,

with gentle tilting every 15 minutes to ensure even virus distribution. Afterward, 9 mL

Grace’s complete media was added, and the plates were incubated at 27 for 3 days.

For P2, 22 × 106 cells were plated on a 15 cm plate and incubated for 1 hour at room

temperature before adding 0.5 mL of P1 virus. The cells were incubated for another

hour, with gentle tilting every 15 minutes to ensure uniform virus distribution. 15 mL

Grace’s complete media was then added, and the plates were incubated at 27 for 3 days.

Dys were expressed in Tni cells, Dp260 and DysN-R10 were expressed in Sf9 cells, and

Utr were expressed in both Tni and Sf9 cells.

For protein expression, 250 mL 1 × 106 cells/mL cultures were transfected with 10

mL of conditioned media baculovirus and incubated at 140 rpm for 72 hours at 27. The

cells were harvested by centrifuging at 500 × g for 5 minutes at 4. Cell pellets were

resuspended in I-PER lysis buffer (Thermo Fisher Scientific), vortexed on medium for

5 seconds, then incubated on ice for 10 minutes. Each lysate was then centrifuged at

15,000 × g for 15 minutes at 4 to clear the lysates. After centrifugation, EDTA was

added to the supernatant to reach a final concentration of 0.2 mM. The supernatant

was applied to an anti-FLAG M2 agarose column (Sigma-Aldrich), washed with 30 mL

of molecular-grade phosphate-buffered saline (PBS), and eluted with 100 µg/mL FLAG

peptide in PBS. The I-PER lysis buffer and PBS used for wash and elution had 100
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nM aprotinin, 1 µg/mL pepstatin A, 10 µg/mL E-64, 10 µM leupeptin, 1 mM PMSF,

and 2 mM benzamidine. For Dp260, DysN-R10, and Utr, 5 mL of the PBS + FLAG

peptide (elution buffer) was applied to the resin, with 3 mL drained and collected in 1

mL fractions. The remaining 2 mL was left on top of the resin for 1 hour. Another 5

mL of elution buffer was added to the resin, drained, and collected in 1 mL fractions.

The fourth fraction of elution was used for atomic force microscopy experiments. For

Dys, 5 mL of the PBS + FLAG peptide (elution buffer) was applied to the resin, with

3 mL drained and collected in 1 × 3 mL, 3 × 1 mL, or 6 × 0.5 mL fractions. The

remaining 2 mL was left on top of the resin for 1 hour. Another 5 mL of elution buffer

(or 25 mL in the case of 1 × 3 mL fractions) was added to the resin, drained, and

collected in 3 mL, 1 mL, or 0.5 mL fractions, respectively. The second, fourth, or eighth

fraction (respectively) of elution was used for atomic force microscopy experiments.

The eluted protein was dialyzed for 1 hour in 1 L of 20 mM HEPES (pH 7.5), 150

mM NaCl, 1 mM DTT, followed by overnight dialysis in another liter of buffer with

the same composition. Protein concentration was determined by Bradford assay using

an Albumin standard curve. Purified proteins were run on a 3-12% sodium dodecyl

sulfate (SDS) polyacrylamide gradient gel and stained with Coomassie blue stain for

verification (Fig. 2.1B). Coomassie stained gels were visualized and imaged using Licor

Odyssey® Infrared Imaging System. Sucrose was added to unused protein elutions to

reach a final concentration of 150 mM, and the protein elutions were then flash-frozen

in liquid nitrogen.

2.6.3 Calibration Protein

Titin I27O (Athena Enzyme Systems™), an AFM reference protein composed of eight

repeats of the Ig 27 domain of human titin, serves as the calibration protein. The most

probable unfolding forces at a pulling speed of 1000 nm/s is 219.40 pN (Fig. 2.11c),

closely matching the reported value of 225 pN [52]. Additionally, energy landscape pa-

rameters align with values previously reported in the literature [1], where the literature

values are represented by dashed lines in Fig. 2.11f-g.
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Figure 2.11: Summary of Titin I27O characterization. (A) Unfolding force statistics

across pulling speeds from 500 to 5000 nm/s, with the black stars indicating the most

probable forces. Typical curves are provided in SI Fig. 2.15A-C. (B) Lifetime statistics

across multiple regulated forces ranging from 80 to 170 pN, with red triangles showing

the average lifetimes. A zoomed-in view for regulated forces of 150 and 170 pN is shown

on the right. Representative curves are displayed in SI Fig. 2.16A-C. (C) Unfolding

force statistics from simulation data at pulling speeds of 500 to 5000 nm/s, with energy

landscape parameters adopted from [1]. (D) Lifetime statistics from simulation data at

regulated forces of 80 to 170 pN, with a zoomed-in view for forces of 150 and 170 pN.

(E) Transition rates koff (F ) for both experimental and simulated data using constant

force and constant speed modes. Fitted energy landscapes with ν = 1/2 and ν = 2/3

are shown in (F) and (G), respectively. The corresponding energy landscape parameters

are documented in Table 2.5.
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2.6.4 Negligible Effect of Asparagine–tRNA Ligase

Dys and Utr preparations each contained 10% of a ∼60 kDa band (Fig. 2.1B), which was

identified by mass spectrometry to be asparagine-tRNA ligase. To further assess whether

the contaminant contributed to our single-molecule data, we considered its biophysical

signature. Asparagine–tRNA ligase consists of two domains (225 and 321 amino acids),

giving a predicted total contour length of 199 when fully unfolded (assuming 0.365 nm

per amino acid). We screened our datasets for traces with total unfolded lengths within

±20% of this value (i.e., 159–239 nm) and containing at most two unfolding events.

The results show that only 128 out of 2,583 traces (∼4.96%) for Utr, and 124 out of

3,277 traces (∼3.79%) for Dys within this range. These findings indicate that traces

potentially attributable to the contaminant represent a very small fraction of the total

dataset, further supporting our conclusion that the contaminant does not meaningfully

affect our results.

2.6.5 Histograms of Unfolding Forces and Lifetimes Across All Bio-

logical Replicates

Full histograms of unfolding forces for each construct and pulling speed across biolog-

ical replicates are depicted in Fig. 2.12. We fit each distribution with two methods:

(i) Gaussian kernel density estimation (KDE) and (ii) a two-Gaussian mixture model

(GMM) with independent means and variances. In the GMM fits, one component aligns

with the KDE mode; the second lies at a higher force with a much smaller weight and,

in several cases, is barely visible (e.g., 500 nm/s for Dys; 1000 nm/s for DysN-R10;

2000 nm/s for Dys and Utr; 5000 nm/s for Utr). To quantify goodness of fit, we use

the Kolmogorov–Smirnov (KS) distance [2] between the fitted cumulative distribution

F (x) and the empirical distribution of the unfolding-force data {X1, X2, . . . , Xn},

Fn(x) =
1

n

n∑
i=1

1(−∞, x](Xi), (2.13)

where 1(−∞, x](Xi) is the indicator function, equal to 1 if Xi ≤ x and 0 otherwise. The

KS distance,

KS = max
x

∣∣Fn(x)− F (x)
∣∣, (2.14)

ranges from 0 (identical distributions) to 1 (maximally dissimilar distributions).
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To compare fits, we report ∆KS = KSKDE −KSGMM. Across all pulling speeds and

proteins we find |∆KS| ≤ 0.03. This very small discrepancy indicates that the minor

GMM component primarily overlaps with the right-skewed tail of the main peak rather

than constituting a distinct mode. We also include full histograms of lifetime for each

construct and regulated forces in Fig. 2.13.

2.6.6 Unfolded Length Increases Linearly with Event Count

Spectrin-like repeats (SLRs) contain ∼110 amino acids on average in both dystrophin

and utrophin, whereas terminal domains (N-terminus, cysteine-rich, and C-terminus

domains) contain at least double that number (≥230 amino acids). Each SLR has an

approximate folded length of ∼6 nm [53], while the folded length of the N-terminus is

∼12 nm [54]. We can estimate the contour length increase upon unfolding a domain

usingNb−Lf , where N is the number of amino acids, b = 0.365nm/aa is the approximate

contour length for each amino acid, and Lf is the folded length. Using this relation,

the estimated contour length increase is ∼34.1 nm (0.365×110-6) for single SLR and at

least ∼72.0 nm (0.365×230-12) for terminal domains. Our measured slopes (31.67–35.66

nm), as presented in Fig. 2.14, align closely with the single SLR value and are far below

the ∼72.0 nm expected for terminal domains.



39

Dys UtrDp260DysN-R10

50
0 

n
m

/s
50

00
 n

m
/s

20
0 

n
m

/s
10

00
 n

m
/s

20
00

 n
m

/s

Figure 2.12: Unfolding force data from constant speed AFM experiments. Rows repre-

sent pulling speeds of 200, 500, 1000, 2000, and 5000 nm/s from top to bottom; columns

correspond to Dys, DysN-R10, Dp260, and Utr from left to right. In each panel, the

histogram (blue bars) is shown together with Gaussian kernel density estimation (KDE)

in solid red and two Gaussian components (dashed blue and orange) of the two-Gaussian

mixture modal (GMM). The most probable force (Mode), full width at half-maximum

(FWHM), and Kolmogorov–Smirnov (KS) distance difference between two fitting meth-

ods ∆KS = KSKDE −KSGMM are annotated.
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Figure 2.13: Lifetime data from constant force AFM experiments. Rows represent

regulated forces of 50, 60, 70, 80, and 90 pN from top to bottom; columns correspond to

Dys, DysN-R10, Dp260, and Utr from left to right. In each panel, the histogram (blue)

is shown together with Gaussian kernel density estimation (red); the mean lifetime

(Mean) and full width at half-maximum (FWHM) are annotated.
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Figure 2.14: Unfolded contour length as a function of unfolding event count for proteins

(A) Dys, (B) DysN-R10, (C) Dp260, (D) Utr, and (E) pairwise comparison between

Dys and Utr. Each boxplot represents the distribution of unfolded lengths at a given

unfolding event count. The central line indicates the median; box edges denote the

25th and 75th percentiles, and whiskers represent the minimum and maximum values

excluding outliers. These figures show a linear increase in unfolded contour length with

unfolding event count. A weighted linear fit (in red) was applied to the median values,

using 1/variance as the weighting factor and including the origin (0,0). The resulting

slope (in nm/event) is annotated in the upper-left corner of each panel.
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Figure 2.15: Representative curves from constant speed experiments. Each row presents

results for different molecules, including Titin I27O, Dys, DysN-R10, Dp260, and Utr

from top to bottom.
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Figure 2.16: Representative curves from constant force experiment. Each row represents

results namely Titin I27O, Dys, DysN-R10, Dp260, and Utr from top to bottom.
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Figure 2.17: Example traces with a large number of unfolding events for constant speed

experiments (left column; ≥10 unfolding events) and constant force experiments (right

column; ≥7 unfolding events), shown for Dys (top row) and Utr (bottom row). In the

constant speed data (A and C), Dys maintains relatively low unfolding forces (<500 pN)

across all events, whereas Utr shows increasing unfolding forces with higher unfolding

event counts. Similarly, in constant force data (B and D), Utr exhibits longer total

unfolding lifetimes compared to Dys.
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Figure 2.18: A summary of statistics of (A) simulated constant speed and (B) simulated

constant force. Simulations were conducted independently and distinguished by biolog-

ical replicate to be consistent with experimental data. Each column presents results for

different molecules, namely Dys, DysN-R10, Dp260, and Utr from left to right. The

data from three biological repeats are visualized in purple, pink, and yellow. Unfolding

force and lifetime distributions are depicted using violin plots. The violins illustrate

data distributions using kernel density estimation as black lines on each side, with the

width of each curve indicating the relative frequency of data points. Black stars signify

the positions of unfolding forces with the highest probability, and red triangles indicates

the lifetime average.
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Figure 2.19: (A) Histograms of unfolding forces from constant speed data for unfolding

event ranges 1–8 and 10–14. (B) Dwell time distributions from constant force data

for unfolding event ranges 1–4 and 5–9. Data are shown for both Dys (left column)

and Utr (right column). Here, the range x–y denotes data from unfolding events with

counts satisfying x≤unfolding event count≤y. Dys exhibits similar distributions for

both unfolding forces and dwell times across early and late unfolding event counts.

In contrast, Utr shows marked differences, where later unfolding events (range 10–14

for constant speed, and range 5–9 for constant force) display flatter distributions with

shifted peaks compared to earlier events.
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Figure 2.20: Supplementary analysis corresponding to Fig. 2.9, in which constant speed

data are filtered using a substantially stricter filtering with the physics-augmented model

developed in Chapter 3, removing any traces that have any possibility of not being single

molecule trial. We increased the classification threshold to maintain high precision,

ensuring that only very high-confidence single-molecule curves were retained. Most

probable forces from constant speed experiments. Error bars represent 95% confidence

intervals, calculated using bootstrapping. It shows the same trend as Fig. 2.9A: the

most probable unfolding force for Utr begins to rise at an unfolding event count of 7

and remains higher than that of Dys for counts greater than 7. This consistency under

more rigorous data selection further reinforces the robustness of our conclusions.
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Figure 2.21: A summary of results across four distinct scenarios: experimental constant

speed, experimental constant force, simulated constant speed, and simulated constant

force. Each row presents results for different molecules, namely Dys, DysN-R10, Dp260

and Utr from top to bottom. The graphs in the first column show koff -vs-F curves,

while the second and third columns show fitted energy landscapes with ν = 1/2 and

ν = 2/3, respectively.
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Figure 2.22: Statistics for all four molecules, Dys, DysN-R10, Dp260, and Utr, from

both (A) constant speed, and (B) constant force data of all biological replicates. We

conducted the two sample Kolmogorov-Smirnov (KS) test [2], which tests the null hy-

pothesis that the distributions of two samples are identical, with the level of confidence

α = 0.05. The p-values over brackets correspond to comparisons of paired data.
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Table 2.4: The experimental most probable unfolding forces and lifetime averages of

four molecules: Dys, DysN-R10, Dp260, and Utr.

Conditions Dys DysN-R10 Dp260 Utr

Constant Speed [nm/s]

200 59.02± 3.05 (0.052) 60.27± 5.38 (0.089) 69.74± 6.33 (0.091) 74.23± 2.71 (0.036)

500 74.42± 5.53 (0.074) 79.54± 8.32 (0.105) 84.25± 8.96 (0.106) 92.18± 1.38 (0.015)

1000 95.49± 3.04 (0.032) 102.35± 1.14 (0.011) 112.42± 4.78 (0.042) 105.81± 3.69 (0.035)

2000 126.66± 11.21 (0.088) 119.63± 8.28 (0.069) 125.41± 1.19 (0.009) 130.82± 5.74 (0.044)

5000 162.68± 5.52 (0.034) 140.82± 7.91 (0.056) 150.20± 5.96 (0.040) 162.02± 5.93 (0.037)

Constant Force [pN]

50 0.171± 0.012 (0.069) 0.206± 0.005 (0.025) 0.292± 0.014 (0.049) 0.271± 0.018 (0.065)

60 0.115± 0.017 (0.147) 0.108± 0.008 (0.079) 0.143± 0.004 (0.029) 0.167± 0.009 (0.052)

70 0.075± 0.001 (0.013) 0.075± 0.001 (0.019) 0.102± 0.007 (0.067) 0.097± 0.002 (0.019)

80 0.061± 0.001 (0.016) 0.059± 0.003 (0.048) 0.077± 0.003 (0.041) 0.078± 0.001 (0.013)

90 0.052± 0.001 (0.019) 0.046± 0.001 (0.022) 0.052± 0.002 (0.032) 0.054± 0.001 (0.019)

aValues are mean ± standard deviations from N = 3 biological repeats.

bThe most probable unfolding force is recorded in constant speed case, with the unit of pN.

cThe lifetime average is recorded in constant force case, with the unit of second.

dCoefficient of variation is depicted in parentheses.

Table 2.5: Titin I27O modeling parameters

Molecules
DHS ν = 1/2 DHS ν = 2/3

ln(k0) ∆x‡ [nm] ∆G‡ [kBT ] ln(k0) ∆x‡ [nm] ∆G‡ [kBT ]

Exp CF −6.911 0.342 15.936 −6.672 0.317 13.623

Sim CF −9.090 0.403 19.970 −8.852 0.373 17.586

Exp CS −7.604 0.423 15.299 −6.388 0.329 13.482

Sim CS −8.385 0.465 17.01 −6.954 0.341 15.506



Chapter 3

Deep Learning Models for

Classifying Single Molecule Force

Spectroscopy Data

Single molecule force spectroscopy (SMFS) is a powerful technique for investigating

forces involved in protein domains folding and unfolding. However, SMFS trials often

involve multiple protein molecules, necessitating filtering to isolate measurements from

single-molecule trials. Currently, manual visual inspection is the primary method for

classifying single-molecule data; a process that is both time-consuming and requires

significant expertise. In this chapter, we both apply state-of-the-art machine learning

models and present a novel deep learning model tailored to SMFS data. With our

deep learning approach, the time required to extract meaningful statistics from single-

molecule SMFS trials is reduced from a day to under an hour.

3.1 Introduction

The use of chemical functionalization of probes, along with molecular fingerprints has

emerged as an approach for identifying single molecule trials [46]. Chemical function-

alization modifies the surface of the force probe and substrate to enable site-specific

attachment of molecules, where fingerprints are well-characterized molecules that yield

51
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distinct unfolding patterns. Here fingerprints in the trials can be leveraged to discern

single molecule trials from trials that result from multiple molecules. However, surface

chemical functionalization is time-consuming, often taking at least 6 hours [55], and de-

mands careful handling and practice. Moreover, advanced filtering techniques, informed

by an understanding of all molecules involved in the complex, are essential for effectively

identifying single molecule trials [46].

In contrast, conducting experiments without functionalizing probes and introducing

fingerprints into the native molecule has significant advantages. Probes without func-

tionalization are easier and less expensive to manufacture, and bio-molecules without

fingerprints engineered into their structure are easier to synthesize. Moreover, there is

greater confidence that the experimental data characterizes the unaltered native bio-

molecule without any confounding effects introduced by fingerprints. Despite these

advantages, when there are no fingerprints, distinguishing data that result from single

molecules and multiple molecules is more challenging. Currently, prevalent accepted

method for distinguishing the data is based on visual inspection, which is a time-

consuming process that demands a high level of expertise [56, 57]. Additionally, trials

need to be collected from a large number of experiments, not only to ensure statistical

confidence but also because the molecule concentration is generally lowered to minimize

the possibility of involving multiple molecules [3, 38]. These factors hinder obtaining

precise statistics of single molecular trials without functionalization and the generation

of a large, annotated dataset suitable for training deep learning models.

In this work, we introduce state-of-the-art machine learning models and present a

novel deep learning model that augments the unfolding physics of protein molecules to

accurately classify SMFS data into three classes: 1) no molecule, 2) single molecule, and

3) multiple molecules. The model employs a dual-branch fusion strategy, one branch

incorporating the physics of protein molecules and the other operating independently

of physical constraints. To train and validate our approach, we present the first pub-

licly accessible datasets, both simulated and experimental, obtained from non-specific

pulling of multi-domain molecules: titin, utrophin, and dystrophin [58]. The simulated

datasets, comprising of SMFS trials that originate from a single molecule, multiple

molecules, or no molecules, are created with a novel physics-based Monte Carlo en-

gine. Extensive evaluations on these datasets, in comparison with five state-of-the-art



53

baseline models, demonstrate efficacy of our proposed model. Specifically, our model

achieves nearly 100% accuracy on the simulated datasets, outperforming baselines by

6%. When testing on experimental datasets, our model achieves average accuracies

of 79.6 ± 5.2%, surpassing baselines by 11.4%, with only approximately 30 training

samples. Even without expert annotations on experimental data, our model can still

achieve average accuracies of 72.0±5.9% when pre-trained with corresponding simulated

datasets. With this deep learning approach, the time required to extract meaningful

statistics from single-molecule SMFS trials is reduced from a day to under an hour. It is

expected that this pilot effort will stimulate significant activity with associated impact

of ML methods on the understanding of protein folding and unfolding that emphasize

mechanical properties. This work results in SMFS experimental datasets from four

important protein molecules crucial to many biological pathways. To support further

research, we have made our datasets publicly available and provided a Python-based

toolbox (https://github.com/SalapakaLab-SIMBioSys/SMFS-Identification).

3.2 Related Work

Single molecule classification A 1D convolutional neural network trained using a

triplet loss function [59] was utilized to classify force curves into single, multiple, or

no molecule classes, with reported accuracy ranging from 65 − 70% [60]. Moreover,

a machine learning workflow was proposed to iteratively classify different unfolding

pathways of single molecule curves [61]. However, these two datasets were collected

with chemically functionalized probes and fingerprints. The chemical functionalization

process is dependent on the specific molecule and thus cannot be made agnostic to

the molecule under investigation. Moreover, in the first dataset, each single molecule

curve contains only one unfolding event [60], simplifying the classification problem; the

second dataset comprises images rather than time series data [61], which introduces

redundancy given that force curves are inherently time series data. There are currently

no time series datasets available, which are from non-specific pulling of multi-domain

protein molecules; most naturally occurring protein molecules have multiple domains.

Here, we construct such datasets for classification purposes.

https://github.com/SalapakaLab-SIMBioSys/SMFS-Identification
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Figure 3.1: Illustration of AFM based SMFS. (a) Schematic showing the desirable case

of a single protein molecule with four folded domains under tension between the tip of

the AFM cantilever and the substrate. The deflection d and the separation between the

cantilever and the substrate z are measured. The tensile force on the protein molecule

is computed from the deflection d. (b) Depictions of possible scenarios, categorized

into three classes: (1) no molecule present between the tip and substrate, (2-3) a single

molecule or a section of a single molecule present between the tip and the substrate,

and (4-6) multiple molecules or sections of multiple molecules between the tip and the

substrate. (c-e) Show example force curves representative of the three different classes,

with blue circles highlighting unfolding events.

Time series classification (TSC) More than hundreds of time series classification

(TSC) algorithms, including both non-deep learning methods [62] and deep learning

methods [5, 63], are present in prior-art. Although more than 80 different datasets from

the University of California, Riverside (UCR) time series classification repositories [64]

are evaluated with these methods, none of these datasets include SMFS data. Methods
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that do not use deep learning become computationally intensive and impractical to

execute on large-scale datasets [62, 5]. In this article, we focus on deep learning methods

to classify our SMFS datasets.

3.3 Problem Formulation

We first describe an atomic force microscope (AFM) based SMFS setup. Here, a micro-

cantilever with a sharp tip is pressed against a substrate on which the protein molecules

under study are deposited. Under applied force, parts of one or more protein molecules

are non-specifically attached to the cantilever tip; characterized by a stochastic adhesion

event [65]. Upon retraction of the cantilever from the surface, sections of the protein

molecules between the tip of the cantilever and the substrate experience a tensile force.

The record of the force F experienced by the cantilever (and therefore the molecule) ver-

sus molecule extension x is known as a force curve, as depicted in Figure 4.1c-e. If only

one protein molecule is present between the cantilever tip and substrate, the force curve

unveils important mechanical properties of the protein molecule. We illustrate such a

scenario in Figure 4.1a, where a single protein molecule with four folded domains is

attached between the substrate and the tip of the cantilever. As the cantilever retracts,

the molecule experiences mechanical tension, eventually causing a folded domain to un-

fold. The applied force drops abruptly when a domain unfolds, as highlighted by the

blue circles in Figure 4.1d. This process continues until either all domains are unfolded

or the connection between the cantilever and the substrate is broken [8], producing a

saw-tooth pattern of force curves (Figure 4.1d).

In practice, the force curves can be categorized into one of three classes - 1) No

molecule: where no molecule is present between the tip and substrate, 2) Single

molecule: when only a single molecule or a section of a single molecule is present, or

3) Multiple molecules: where multiple molecules or sections of multiple molecules

are present between the tip and substrate. Example experimental force curves corre-

sponding to the three classes are depicted in Figure 4.1c, 4.1d, and 4.1e respectively.

The force curves originating from multiple molecules typically exhibit larger unfolding

forces than those with a single molecule (Figure 4.1e) and have a mixture of unfold-

ing events that cannot be traced back to a specific protein molecule (Fig. 4.1b (4-6)),
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confounding useful interpretation. Here, excluding force curves with no molecule and

multiple molecules is necessary to obtain accurate and interpretable data from SMFS.

The identification of the single molecule force curves is challenging due to a number of

reasons: 1) a large number of force curves (2000-5000) need to be collected in a single

experiment since protein molecule capture success rates are kept at 1-5% [38, 3], 2) the

study of a specific protein molecule involves at least three replications for confidence

on results, 3) the force curves are corrupted from instrument measurement noise and

intrinsic thermal noise of the molecules, and 4) often the protein molecules under inves-

tigation have no prior characterization, which makes the adjudication time consuming

and difficult even for domain experts.

The i-th force curve, of length T (i), consists of force data F (i) = [F
(i)
1 , F

(i)
2 , . . . F

(i)

T (i) ]

and extension data X (i) = [X
(i)
1 , X

(i)
2 , . . . X

(i)

T (i) ]. Each force curve (F (i),X (i)) is associ-

ated with a class label Yi ∈ {0, 1, 2}, corresponding to one of the three classes. Given

a dataset of n samples, D = [(F (1),X (1), Y (1)), . . . , (F (n),X (n), Y (n))], the goal is to

design an effective deep learning model capable of accurately predicting the class label

of a force curve.

3.4 The Physics-augmented Model

We introduce Polymer Elastic Models Neural Networks (PemNN), a novel deep learn-

ing model designed to classify force curves as originating from no molecule, single

molecule or multiple molecules. PemNN contains two branches, the force trace branch,

which uses the force data F (i), and the physics-based branch, which incorporates poly-

mer elastic models (Section 3.4.1) with both extension and force data. Features ex-

tracted from these branches are fused using either early fusion (depicted in Figure 3.2)

or late fusion strategies (see Section 3.4.2).

Both branches pass through a convolutional block, comprising a 1-Dimensional con-

volutional layer, batch normalization layer [66] and a Rectified Linear Unit (ReLU) [67]

activation layer. Convolutional layers have demonstrated compelling performance and

efficiency in time series classification [63, 5, 68, 69, 70, 71, 72]. Then features from the

first convolutional block of both branches are fused with one of four methods detailed

in Section 3.4.2. The fused output undergoes two additional convolutional blocks, and
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a Global Average Pooling (GAP) layer is applied to reduce parameters by averaging

across the time dimension [63, 5].

Co
nc

at
en

at
e

SMFS Force Curves Physics-based 
branch

Fu
si

on
 M

od
ul

e

Co
nt

ou
r 

le
ng

th
 

fil
te

r

Po
ly

m
er

 e
la

st
ic

 
m

od
el

s
Pr

ep
ro

ce
ss

in
g

m
od

ul
e

LS
TM

D
ro

po
ut

 G
lo

ba
l 

av
er

ag
e 

po
ol

in
g

So
ft

m
ax

Co
nv

 1
D

Ba
tc

hN
or

m

Re
LU

Co
nv

 1
D

Ba
tc

hN
or

m

Re
LU

Co
nv

 1
D

Ba
tc

hN
or

m

Re
LU

Co
nv

 1
D

Ba
tc

hN
or

m

Re
LU

LS
TM

D
ro

po
ut

Force trace
branch

Figure 3.2: The overall architecture of the Polymer Elastic Models Neural Networks

(PemNN) comprises a physics-based branch and a force trace branch, illustrated with

the early fusion approach (the late fusion approach is shown in Figure 3.3).

To further enhance temporal encoding, a long short-term memory (LSTM) [73, 74]

layer is applied to each branch, followed by a dropout layer [75] to mitigate overfitting

[68]. Earlier studies have shown that augmenting convolutional layers with LSTM sig-

nificantly improves performance in time series classification with only a modest increase

in the number of parameters [68, 70, 76].

The outputs of the GAP and LSTM layers are concatenated and fed into a fully

connected layer with three neurons, corresponding to the three classes: 1) no molecule,

2) single molecule, and 3) multiple molecules. A softmax activation function is used in

the final fully connected layer, and the model is trained with categorical cross-entropy

loss:

L(F (i),X (i)) = −
3∑

j=1

Y
(i)
j log(Ŷ

(i)
j ), (3.1)

where L(F (i),X (i)) represents the loss for classifying the force curve (F (i),X (i)). Here,

Y
(i)
j is the label for class j of i-th force curve (Y

(i)
j ∈ {0, 1}), and Ŷ

(i)
j is predicted

probability for class j of i-th force by the neural network.



58

3.4.1 Polymer Elastic Models

Various polymer elasticity models have been developed to model the force-extension

(F −x) behavior of entropic elasticity of polymers (proteins included). The widely used

models are the worm-like chain (WLC) model [77], the freely jointed chain (FJC) model

[78], and the freely rotating chain (FRC) model [79].

The force-extension relationship for each model is given by the following equations:

• The WLC model:

F =
kBT

Lp

 1

4
(
1− x

Lc

)2 − 1

4
+

x

Lc

 , (3.2)

where kB is the Boltzmann constant, T is temperature, Lc is the contour length,

and Lp is the persistence length.

• The FJC model:
x

Lc
= coth(

FLk

kBT
)− kBT

FLk
, (3.3)

where Lk is the Kuhn length.

• The FRC model:
x

Lc
= 1− kBT

2FLb
. (3.4)

where Lb is the bond length.

In these models, F and x represent the force and extension respectively, kB is the

Boltzmann constant, T is temperature, Lc is the contour length, and Lp is the persistence

length. The contour length Lc represents the maximal length of physically possible

extension and the persistence length Lp quantifies the bending stiffness of the polymer.

[80] first proposed solving for contour length Lc using each data point, rather than

fitting each loading region with a polymer model. This approach has been widely

adopted in SMFS studies [81, 6, 82, 83, 84, 85]. Given the physically relevant constraints

(Lc > 0, x > 0, F > 0, x < Lc) and fixed values for the persistence length Lp, Kuhn

length Lk, and the bond length Lb, the contour length Lc can be calculated using the

following equations for three polymer elasticity models:
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• The WLC model [82]:

LWLC
c =

x

6u

(
3 + 4u+

9− 3u+ 4u2

g(u)
+ g(u)

)
, (3.5)

where u =
FLp

kBT and

g(u) =
(
27− 27

2 u+ 36u2 − 8u3 + 3
√
3

2

√
−u2 [(4u− 3)3 − 108]

)1/3
.

• The FJC model:

LcFJC =
x

coth(FLk
kBT )−

kBT
FLk

. (3.6)

• The FRC model, assuming bonds are connected by a fixed angle γ [79, 81]:

LFRC
c =



3xkBT
Fa for FLb

kBT < Lb
p

x

1−
(

4Fp
kBT

)−1/2 for Lb
p < FLb

kBT < p
Lb
,

x

1−
(

2FLb
kBT

)−1 for p
Lb

< FLb
kBT

(3.7)

where a = Lb
1+cosγ

(1−cosγ)cos(γ/2) is the Kuhn length and p = Lb
cos(γ/2)
|ln(cosγ)| is the persis-

tence length.

In the physics-based branch, the contour length Lc
(i)
p is estimated for each force-

extension pair
(
F

(i)
p ,X (i)

p

)
using the WLC model with a fixed persistence length Lp.

A subsequent filtering step selects P samples with Lc
(i)
p ∈ [0,M ], where M is the filter

threshold. If the number of qualified data points is less than P , sampling is performed

with replacement.

3.4.2 Fusion Module

The early fusion approach contains four methods: (i) Early-Sum: sums convolutional

feature maps; (ii) Early-Max: selects the maximum value at each element from con-

volutional feature maps, (iii) Early-Wavg: computes a weighted sum of convolutional

feature maps with learnable weights; and (iv) Early-Conv: concatenates convolutional

feature maps along the filter dimension, followed by a convolution with a kernel size of

1.
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With late fusion method (depicted in Figure 3.3), features from the first convolu-

tional block are independently processed through two additional convolutional blocks

for each channel, with shared parameters. GAP layers are applied to the outputs of

both branches, and their results are fused using one of the following methods: (i) Late-

Concat: directly concatenates the outputs of GAP layers; and (ii) Late-Gating [86]:

Concatenates GAP layer outputs with learnable weights.

PemNN contains two branches: the force trace branch T and the physics-based

branch P. To uniquely identify a block, we use the notation (C, pos), where C ∈
{P, T ,PT } specifies the channel with PT representing the fusion of two branches,

and pos ∈ {pre − module, CNN1, BN1, RELU1, CNN2, fusion,GAP, . . . } indicates

the name. For example, (T , CNN1) identifies the first convolutional layer in the force

trace branch. We use fC,pos denotes the output of a block. PemNN supports two fusion

strategies—late fusion and early fusion—which differ based on the dimensionality of the

features being fused.

Early fusion module is applied to fuse outputs of layers (T , RELU1) and (P, RELU1)

(Figure 3.2). We discuss four different methods as follows:

• Early-Sum:

fEarly−fusion(F (i),X (i)) = fT ,RELU1(F (i)) + fP,RELU1(F (i),X (i)) (3.8)

which sums convolutional feature maps across branches.

• Early-Max:

fEarly−fusion(F (i),X (i)) = max
{
fT ,RELU1(F (i)), fP,RELU1(F (i),X (i))

}
(3.9)

where the maximum value at each element is selected.

• Early-Wavg:

fEarly-fusion(F (i),X (i)) = αT fT ,RELU1(F (i)) + αPfP,RELU2(F (i),X (i)) (3.10)

subject to αT + αP = 1

which computes a weighted sum of feature maps with coefficients αT , αP learned

during optimization.
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• Early-Conv: The three fusion strategies described above require that the out-

puts of the (T ,RELU1) and (P,RELU1) layers have consistent shapes. For each

spatial location (i, j), the early fusion output is computed using the correspond-

ing values from both branches, but without any interaction between them. That

is, the computation at each location only combines the transformer-derived and

protein-derived features at that same location. To enable cross-branch informa-

tion exchange, we introduce a convolutional operation termed Early-Conv. This

approach applies a set of shared 1×1 convolution filters, denoted ωEarly-conv, to the

concatenated feature maps from both branches, allowing local fusion of features

across branches while maintaining spatial alignment.

fEarly−fusion(F (i),X (i)) =
(
fT ,RELU1(F (i))∥fP,RELU1(F (i),X (i))

)
⊛ ωEarly−conv

(3.11)

where ⊛ is the convolution operator, and the vertical concatenating operator ∥ is
defined as vi ∥vj = (vi0, vi1, . . . , vin, vj0, . . . vjn)

T given vi = (vi0, vi1, . . . , vin)
T and

vj = (vj0, vj1, . . . , vjn)
T .

Late-fusion strategy, where the fusion module is applied after the GAP layers, as

depicted in Figure 3.3. Two methods are considered:

• Late-Concat:

fLate−fusion(F (i),X (i)) = fT ,GAP (F (i))∥fP,GAP (F (i),X (i))

where GAP layers are concatenated directly.

• Late-Gating:

fLate−fusion(F (i),X (i)) =
(
gT fT ,GAP (F (i))

)
∥
(
gPfP,GAP (F (i)),X (i))

)
where GAP layers are concatenated with learnable weights. The gating weights

gT ,gP are calculated as

(gT , gP) = σ
(
W ·

(
fT ,GAP (F (i))∥fP,GAP (F (i),X (i))

)
+ b
)
,

where W and b are the weights and bias of a fully connected layer and σ(·) is

softmax activation function.
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Figure 3.3: Overall architecture of the PemNN model with late fusion strategy. The

data augmentation block is not enabled by default but is utilized through the physics-

guided pretraining strategy described in Section 3.8.4.

In multivariate time series classification, the widely used approach is late fusion,

which directly concatenates features extracted from Global Average Pooling (GAP)

layers. For example, [68] concatenated the GAP layer of a convolutional block with

output of an LSTM layer, [71] concatenated GAP layers of convolutional blocks orig-

inated from different input branches, [70] integrated both LSTM and GAP features

from different branches, and [86] not only concatenated features from two transformer

encoders but also introduced a gating mechanism to assign weights to these features.

Unlike late fusion, early fusion focuses on combining convolutional feature maps from

multiple branches. Examples includes [87], which employed an element-level maximum

operator for feature fusion in image classification; [88], which summed feature maps for

image detection; and [69], which concatenated feature maps extracted with different

kernel sizes for anomaly detection.

3.5 Datasets

Datasets from four different protein molecules are employed. Out of these four pro-

tein molecules, only Titin I27O (Athena Enzyme Systems™) is an engineered protein

molecule composed of eight repeats of the Ig 27 domain that serves as a reference pro-

tein for calibrating and validating our methods. The other three protein molecules
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come from natural proteins with considerable variations in their sequence and struc-

ture, dystrophin and utrophin. Dystrophin is a protein molecule expressed primarily at

the muscle cell membrane, or sarcolemma, in striated muscle tissue. Deficiencies of this

protein molecule lead to severe muscle wasting disorder like Duchenne muscular dystro-

phy (DMD), a fatal disease occurring in 1 out of 4000 male births [13]. Structurally,

dystrophin is composed of four major domains: an amino terminal (NT) actin-binding

domain (ABD1), a large central rod domain with 24 triple helical spectrin-like repeats

(SLRs) interspersed with 4 hinge domains, including a second actin-binding domain

(ABD2), a cysteine-rich domain and a carboxy-terminal (CT) domain (Figure 4.3a).

Utrophin (Figure 4.3b) is a fetal homologue of dystrophin and is under active investiga-

tion as a dystrophin replacement therapy for DMD. We include dystrophin and utrophin

fragments encoding the NT through SLR 3 domains, referred to as DysN-R3 (Fig. 4.3c)

and UtrN-R3 (Fig. 4.3d), respectively. Previous studies have demonstrated that the

mechanical properties of UtrN-R3 are influenced by the expression system used, such as

insect or bacterial cells [3, 58]. Consequently, we further categorize UtrN-R3 into insect

UtrN-R3 and bact UtrN-R3 to reflect these variations. In summary, our four real pro-

tein molecules are: Titin I27O, bact UtrN-R3, insect UtrN-R3, DysN-R3. Additionally,

we include the Discoidin Domain Receptors (DDRs) dataset (Appendix 3.8.2) [60] to

compare the performance of different deep learning methods.

Table 3.1: Details of experimental datasets

Dataset
Number of curves

per class
Lengths Different days

Pulling speeds

[nm/s]

DDRs [60] [102,102,136] 400 NA 2000

Titin I27O [181,164,191] 736-4859 5 500, 1000, 2000

Bact UtrN-R3 [58] [181,181,178] 957-9974 10 500, 1000, 2000, 5000

Insect UtrN-R3 [58] [175,166,200] 1777-8890 11 500, 1000, 2000

DysN-R3 [58] [191,185,177] 1659-4814 6 500, 1000, 2000

For each protein molecule, we have two datasets, one is simulation dataset generated

with our physics-based Monte Carlo simulation engine described in Section 3.5.2, and

one is experimental dataset that is obtained from physical experiments conducted via
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AFM on real protein molecule samples.
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Figure 3.4: Diagrams of dystrophin and utrophin. (a) Full-length dystrophin. (b)

Full-length utrophin. (c) UtrN-R3 construct (d) DysN-R3 construct. The ovals are

spectrin-like repeats (SLRs); the diamonds are hinge domains; NT is the N terminus;

CT is the C terminus; CR is a cysteine-rich domain; ABD1 & 2 are actin-binding

domains; DgBD is the dystroglycan binding domain. Figure courtesy of previous study

[3]

3.5.1 Experimental Dataset

For the experimental data, as previously described in [10, 3, 58], force curves were

collected on different days and at various pulling speeds, as outlined in Table 3.1. As

a result, the lengths of the force curves are different, and substantial variations exist

even within the same class. Annotation is performed through visual inspection of the

unfolding force curves.

3.5.2 Simulation dataset

The simulation dataset, comprising 600 force curves, is generated for three classes;

Class 0 has no protein molecule between the substrate and cantilever tip, Class 1 has

one protein molecule, and Class 2 has two protein molecules attached. Different protein
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molecules are distinguished by different model parameters listed in Table 3.2.

Algorithm 2 Monte Carlo Simulation of Multiple Molecules

Require: v, L
(i)
c , L

(i)
p , ∆L

(i)
c , ∆L

(i)
p , k0, ∆x‡, ∆G‡, N , D(i)

1: Initialization: z ← 0, U (i) ← 0

2: for t← 0 : ∆t : T do

3: z ← z + v∆t

4: Solve (4.5) for extension x

5: for i← 1 : 1 : N do

6: Calculate F
(i)
WLC using (3.13)

7: Compute koff (F
(i)
WLC) using (4.7)

8: Compute P
(i)
u (F

(i)
WLC) using (4.6)

9: Draw η(i) ∼ U[0,1]
10: if η(i) < P

(i)
u (F

(i)
WLC) then

11: L
(i)
c ← L

(i)
c +∆Lc, L

(i)
p ← L

(i)
p +∆Lp

12: U (i) ← U (i) + 1

13: end if

14: Draw η
(i)
d ∼ U[0,1]

15: if U (i) == D(i) and η
(i)
d < Pd(F

(i)
WLC) then

16: L
(i)
c ← L

(i)
c + CLc, L

(i)
p ← L

(i)
p + CLp

17: end if

18: end for

19: end for

Monte Carlo Simulation based methods are used widely in the SMFS studies, yield-

ing results that closely align with experimental data [81, 89]. However, prior simula-

tion frameworks are restricted to the idealized case of force curves arising from single

molecule, as what we previously described in Section 2.3.2. To build a comprehensive

training dataset, we incorporate the real cases of force curves generated by no molecule

and multiple molecules. Additionally, we model the cases where only partial sections of

molecules are present as well as the stochastic adhesion and detachment events, of the

cantilever to the protein, to better approximate experimental data.

For the simulations, N proteins are considered with i-th protein having D(i) folded
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domains attached between the substrate and the force probe. The base of the cantilever

probe is moved away at a constant speed v; here the position of the base of the cantilever

z is initialized at zero and is updated every ∆t seconds. The protein extension x is

determined by solving the equation,

kcd =

N∑
i=1

F
(i)
WLC(x, L

(i)
c , L(i)

p ), (3.12)

where kc is the spring constant of the cantilever, and d is the deflection (Fig 4.1a). Here,

F
(i)
WLC(x, L

(i)
c , L

(i)
p ) is the worm-like chain (WLC) model that relates the force applied

to the extension of i-th protein (See Section 3.4.1), given by [39],

F
(i)
WLC(x, L

(i)
c , L(i)

p ) :=
kBT

L
(i)
p

 1

4
(
1− x

L
(i)
c

)2 − 1

4
+

x

L
(i)
c

 , (3.13)

where kB is the Boltzmann constant, T is temperature, and L
(i)
c and L

(i)
p are the contour

length and the persistence length of the i-th protein, respectively. For the i-th protein,

the probability of a domain unfolding during the time interval ∆t is found by

P (i)
u (F

(i)
WLC) = (D(i) − U (i))(1− e−koff (F

(i)
WLC)∆t), (3.14)

where U (i) is the number of unfolded domains which is initially set to zero, and the

transition rate koff (F
(i)
WLC) is computed using the Dudko–Hummer–Szabo model [34];

see Section 2.3.2 for details.

For determining unfolding events of i-th protein, a random number η(i) is generated

uniformly from 0 to 1 and is compared to the unfolding probability P
(i)
u (F

(i)
WLC). No

unfolding event is triggered if the random number is larger than P
(i)
u (F

(i)
WLC); the sim-

ulation will continue to the next time slot by adding time interval ∆t. Otherwise, one

of the domains is unfolded, leading to a increase in the number of unfolded domains,

U (i), by 1, and the simulation continues to the next unfolding event if folded domains

still exist after updating contour length and persistence length via adding increments

∆L
(i)
c , ∆L

(i)
p respectively.
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Once all domains in i-th protein unfold, the protein detaches from either the can-

tilever tip or substrate based on the detachment probability,

Pd(F ) =

Cd F ≥ Ftd

0 F < Ftd

, (3.15)

where Cd is a constant and Ftd is a random number sampled from the Gaussian dis-

tribution, denoting the threshold at which the detection of detachment begins. Upon

detachment of the i-th protein, its WLC force is reduced to zero by adding large con-

stants (CLc and CLp) to contour length L
(i)
c and persistence length L

(i)
p respectively.

To better replicate experimental force curves, we introduce Gaussian noise to the WLC

force immediately after its calculation at line 5 of Algorithm 2. The adhesion force is

added at the end of the simulation process.

Table 3.2: The DHS model parameters of four real protein molecules are: Titin I27O,

bact UtrN-R3, insect UtrN-R3, DysN-R3

Molecules
DHS ν = 1/2

ln(k0) ∆x‡ [nm] ∆G‡ [kBT ]

Titin I27O [1] −9.21 0.40 20.00

Bact UtrN-R3 [58] −6.50 0.85 14.50

Bact DysN-R3 [58] −4.50 0.60 11.50

Insect UtrN-R3 [58] −2.50 0.41 9.80

The adhesive force can be composed of various components like van der Waals force,

capillary force, and chemical forces, which depend on environmental conditions such as

roughness, interacting angles, and wetness [65, 90]. However, quantifying these environ-

mental conditions is challenging, and they can vary significantly between experiments.

Consequently, we adopt a straightforward yet versatile method to model adhesive force
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rather than a more intricate approach,

Fa(t) =


t
t1
Fad 0 < t < t1

t−t2
t2−t1

Fad t1 < t < t2

0 else

, (3.16)

where the adhesive force increases linearly in the interval [0, t1], reaching the adhesive

force threshold Fad at t1, then adhesion between the cantilever tip and the substrate

begins to disconnect at t1 and vanishes at t2. The vanishing phase [t1, t2] should be

much faster than the adhesive phase [0, t1], with a common choice being to set t2 close

to t1, for example, t2 = 1.1t1. To introduce stochasticity and enhance generality, we

assume both Fad and t1 to be Gaussian distributed random variables with user-specified

mean and standard deviation.

3.6 Results

The performance of our proposed model, PemNN, is evaluated in this section. We outline

the evaluation setup in Section 3.6.1, followed by a comparison of PemNN’s classification

performance against baseline models in Section 3.6.2. Next, we analyze the functionality

of the force trace branch and physics-based branch in Section 3.6.3. Finally, we assess

performance under limited training data, a scenario frequently encountered in SMFS

applications, in Section 3.6.5, and apply it to AFM data analysis through a comparison

to non-machine learning methods in Section 3.6.6.

3.6.1 Evaluation Setup

We evaluate our proposed model, PemNN, against five baselines: 1) Triplet network

(Triplet) [60]: The model designed for analyzing SMFS specific pulling data. 2) Fully

convolutional neural networks (FCN) and 3) the residual networks (ResNet): Two of the

highest performing deep neural networks on the UCR time series classification archive

[5]. 4) InceptionTime: The current state-of-the-art deep learning model on the UCR

archive [91]. 5) LSTMFCN: It outperforms FCN and ResNet on the UCR time series

classification archive and demonstrates robust performance on multivariate time series

classification [92, 68]. Further details about these baselines are provided below.
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Triplet The triplet network [59] takes three samples: the anchor x, the positive sam-

ple x+, and the negative sample x−. Here, x is the sample under classification, x+

comes from the same class as x, and x− is of different class. All three samples are

passed through the same network architecture, where the weights are shared, to learn

representations in the embedding space. The triplet loss is employed,

Ltriplet = max{0, ||Net(x+)−Net(x)||22 − ||Net(x−)−Net(x)||22 +m}, (3.17)

where || · || denotes the L2 norm, and m represents the margin parameter that controls

the separation between positive and negative samples in the embedding space. The

objective is to minimize the distance between the anchor and the positive sample while

maximizing the distance between the anchor and the negative sample in the embedding

space. Subsequently, the resulting embeddings are fed into the MLP described earlier

to learn classification. The embedding network adopts the ResNet structure, which will

be elaborated on below.

FCN Fully convolutional neural networks (FCN) [63] is composed of three convolu-

tional blocks followed by a Global Average Pooling (GAP) layer and a softmax layer.

Each convolutional block includes a 1D convolutional layer, batch normalization, and

a Rectified Linear Unit (RELU) activation layer. The output of the final convolutional

block is passed through a GAP layer, followed by a fully connected softmax layer. A

stride of 1 with zero padding is used to preserve the length of time series data. The filter

sizes and kernel sizes of the three convolutional layers are {128, 256, 128} and {8, 5, 3},
respectively.

ResNet The ResNet [93] extends neural networks to very deep structures by incorpo-

rating shortcut connections. These connections enable the gradient flow directly through

the network, easing the training of deeper models. Our Residual Network (ResNet) com-

prises three residual blocks followed by a GAP layer and a softmax layer. Each residual

block contains three convolutional blocks similar to those in the FCN architecture. The

output of the last convolutional block is added to the input of the residual block be-

fore proceeding to the next layer. The kernel size for the three convolutional layers

in each residual block remains consistent with FCN architecture, set as {8, 5, 3}. The
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number of filters is the same within the same residual block, with filter sizes specified

as {64, 128, 128} for three residual blocks, respectively.

InceptionTime InceptionTime [91] ensembles the predictions of several InceptionNet

models, each with different initializations, to overcome the high variance across different

runs. The InceptionNet model consists of two residual blocks, followed by a global

average pooling (GAP) layer and a softmax layer. Within each residual block are three

Inception modules. Each Inception module begins with a bottleneck layer that reduces

dimensionality while preserving the original sequence length through a kernel size and

stride of 1. Subsequently, 1D convolutions with varying kernel sizes are applied to

the bottleneck output, capturing patterns across different scales. Additionally, a max

pooling layer, followed by another bottleneck layer, is applied to the original time series.

LSTMFCN LSTMFCN [68] employs the augmentation an LSTM layer and CNN

layers along with a squeeze-and-excitation block to generate feature maps, followed by a

softmax layer for time series classification. The three convolutional layers in LSTMFCN

are configured with filter sizes of {128, 256, 128} and kernel sizes of {8, 5, 3}, respectively.
The LSTM layer has a hidden dimension of 8, followed by a dropout layer with a rate

of 0.8.

Implementation Details The baselines were implemented using default parame-

ters from sktime [94], which is a python framework for ML with time series data.

For PemNN, the default configuration incorporates the WLC model, LSTM layers in

both branches, and Early-Conv fusion method. In PemNN, the CNN blocks contains

{128, 256, 128} filters with kernel sizes of {8, 5, 3}, respectively; the LSTM layers are

configured with a hidden dimension of 8, followed by a dropout layer with a rate of 0.8

to mitigate overfitting. The contour length threshold is set to 1000 nm, the persistence

length Lp = 300 pm, Kuhn length Lk = 300 pm, and bond length Lb = 150 pm by

default. The batch size is 16 for all models except for InceptionTime with 64, and the

number of training epochs are kept at 200 epochs for all models. All models are trained

with Adam [95] with the learning rate 0.001, β1 = 0.9, β2 = 0.999 and ϵ = 1e− 8. The

best-performing model, determined by achieving the lowest training loss, is then se-

lected and evaluated on the testing data. These models are trained with Apple M1 Pro,
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which has 10-core CPU and 16-core GPU. An ablation study of PemNN’s architecture

is presented in Section 3.6.4.

For each dataset, 20% of the data was used for training, and the remaining 80% was

reserved for testing, as adjudication is a time-consuming task that requires significant

expertise. Stratified resampling was applied to maintain class distributions. Each train-

test split was seeded for reproducibility. Identical resamples were applied to all models

within a single run, and performance was evaluated using overall accuracy of the test

data across five runs.

3.6.2 PemNN Classification Performance

Figure 3.5: Critical difference diagram of different deep learning models across the simu-

lated and experimental testing sets of all protein molecules based on average accuracies.

The most accurate model is assigned a rank of 1, with a thick horizontal line repre-

senting a group of classifiers that do not exhibit statistically significant differences in

accuracy.

Per each dataset, we evaluated all models on testing data and ranked them based on

their mean classification accuracy over five runs, assigning a rank of 1 to the most

accurate model and 6 to the least accurate. The average ranking is then computed

across all datasets, including both simulated and experimental testing sets for all protein

molecules. These average rankings are summarized in the critical difference diagram [4],

as presented in Figure 3.5. PemNN achieves the lowest ranking of 1.4167, indicating

that our model is more accurate than baseline models.

For statistical analysis, we employed the Wilcoxon signed-rank test with Holm cor-

rection as the post-hoc test following the Friedman test [5, 4]. In Figure 3.5, thick
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horizontal lines represent groups of models that are not significantly different in terms

of classification accuracy. Thus we conclude that PemNN is significantly more accurate

than all baseline models. Among the baselines, LSTMFCN has the lowest rank, with

its performance statistically similar to ResNet and FCN, but significantly different from

Triplet and InceptionTime.

3.6.3 Functionality of Two Branches

This section evaluates the functionality of the force trace and physics-based branches

in PemNN using simulated datasets with known ground truths.

Physics-based branch functionality The importance of the physics-based branch,

which integrates polymer elastic models, was evaluated by comparing PemNN (using

both force trace and physics-based branches) to baselines that only utilized the force

trace branch. As shown in Figure 3.6a, PemNN achieves near perfect accuracy (98.9±
1.9 %) across four simulated datasets, significantly outperforming the baseline. The

largest performance gap is in the Titin I27O simulated dataset, where PemNN outper-

formed baselines by 15%; the smallest gap occurs in the insect UtrN-R3 dataset, with

PemNN maintaining a 6% higher accuracy.

Force trace branch Functionality Baselines were provided with the same input

data as the physics-based branch to assess the contribution of the force trace branch.

This was analyzed under two scenarios: one is changing contour length threshold in the

filter, the other one is varying the persistence length Lp in the WLC model. Radar charts

were employed to visualize model performance, with models represented by different

transparent colors and higher radii indicating better accuracy. In Figure 3.6b, the

contour length threshold is changed from 1,000 to 1,024,000 nm in multiples of four, with

”inf” denoting no threshold. PemNN maintained near-perfect accuracy for thresholds

between 1,000 and 64,000 nm, a range in which some baselines, such as LSTMFCN and

ResNet, also perform well. However, as the threshold increases, baseline performance

dropped sharply. In contrast, PemNN maintains robust performance, outperforming

the baselines by at least 7% at a threshold of 1,024,000 nm, with this margin growing to

25% when no threshold was applied. In Figure 3.6c, the persistence length Lp is varied

logarithmically from 0.3 to 30,000 pm. Both PemNN and baselines achieved near-perfect

accuracy for Lp values between 30 and 30,000 pm. However, at Lp = 0.3 pm and Lp = 3
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pm, baseline performance dropped significantly, whereas PemNN maintained at least

3% and 10% higher accuracy, respectively.

cb

a

Figure 3.6: a) The average accuracy of all models across the four simulated datasets,

with error bars indicating the standard deviations over five runs. b) The average accu-

racy across four simulated datasets over five runs as the contour length threshold varies,

depicted in a radar chart where longer radii indicate higher accuracy. c) The average

accuracy across four simulated datasets over five runs as the persistence length changes.

Contour lengths typically span the micrometer scale. However, factors such as sig-

nal noise or deviations from the polymer elastic models can lead to exaggerated con-

tour length values, potentially degrading model performance. Despite these challenges,
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PemNN exhibits robust performance even when datasets include such extreme values.

The persistence length Lp quantifies the bending stiffness of a polymer. When Lp is

underestimated, the polymer appears excessively flexible, causing the contour length Lc

to be overestimated. Conversely, when Lp is overestimated, the polymer appears stiffer,

and Lc approaches the extension x. Figure 3.7 illustrates the relationship between Lp

and Lc using the WLC model applied to a force curve from the Titin I27O dataset.

At Lp = 300, contour length Lc remains consistent within unfolding events, indicating

a correctly chosen Lp. Underestimated Lp (0.3-30) results in large and inconsistent

Lc, leading to performance degradation. When Lp is overestimated (3000, 30000), Lc

becomes linear with x, converging toward an identity function (red line in the inset of

Figure 3.7).

Figure 3.7: Contour length calculations using the WLC model with varying persistence

lengths (Lp), visualized with a simulated force curve of Titin I27O.

In conclusion, the physics-based branch enhances performance by incorporating

polymer elastic models; the force trace branch increases robustness, ensuring reliable

classification even when physics models are corrupted by parameter errors. By com-

bining the strengths of both branches, PemNN consistently outperformed baselines in

SMFS classification tasks, demonstrating its effectiveness under various conditions.
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3.6.4 Ablation Study of Model Architecture

In this section, we explore the architectures of our model, PemNN, in greater detail to

provide insights into optimizing model designs for SMFS classification. We examine 1)

different fusion strategies, 2) the inclusion or exclusion of LSTM layers, and 3) different

polymer elastic models.

b

d

c

a

Figure 3.8: Ablation study of PemNN architecture. a) Critical diagram comparing

various fusion strategies, where ’E-’ and ’L-’ denote early fusion and late fusion strate-

gies, respectively. b) Critical diagram evaluating the incorporation of LSTM layers,

with ’F1P1’ indicating LSTM layers included in both the force trace and physics-based

branches. c) Critical diagram of different polymer elastic models. d) Performance of

PemNN across datasets with three distinct polymer elastic models.

Fusion Strategies Figure 3.8a presents results of various fusion strategies. Our

model, PemNN, consistently outperforms the baselines regardless of the fusion strat-

egy used. Moreover, all early fusion methods exhibit superior performance compared to

late fusion methods. For late fusion methods, the GAP layers from the last convolutional

blocks are concatenated, leading to significant information loss since each element in the

GAP layer represents a single channel from the convolutional block. In contrast, early

fusion methods directly integrate branches from first convolutional blocks, preserving

more information. Among the early fusion strategies, the Early-Conv strategy stands

out, likely due to its use of filters to effectively process information across branches.
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LSTM Layers Figure 3.8b shows the impact of incorporating LSTM layers into the

two branches of PemNN. Regardless of the specific use of LSTM layers, PemNN con-

sistently outperforms the baselines, with all models showing statistically significant im-

provements over the baselines, except for LSTMFCN. Including LSTM layers in both

the trace and physics-based branches achieves the best overall performance, with the

average ranking of 2.4167.

3.6.5 Performance with Limited Data

In this section, we focus on experimental datasets and analyze model performance under

limited training data. The testing data is fixed at 80% of the entire dataset, while

the deep learning models are trained using varying proportions of the training dataset.

When the training proportion ranges from 5% to 20% (approximately 30 to 120 samples),

PemNN consistently outperforms baselines, achieving accuracies of 79.6% and 85.2% at

training proportions of 5% and 20%, respectively (Figure 3.9). Among the baselines,

LSTMFCN performs the best but remains 11.4% and 2.9% less accuracy than PemNN

at training proportions of 5% and 20%, respectively.

Figure 3.9: The performance of models trained with different proportions of experimen-

tal datasets (training proportion), with error bars indicating standard deviations across

all experimental datasets over five runs.
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At a training proportion of 0%, no experimental data is used during the training.

Instead, a physics-guided pretraining strategy (see Section 3.8.4) is used to eliminate

the need for experimental labeling and mitigate human bias. In this approach, deep

learning models are pre-trained on simulated datasets generated using physics-based

models and subsequently evaluating them on corresponding experimental datasets. The

pretraining strategy achieves comparable performance to models directly trained on

experimental data, with an average accuracy of 72.0%, despite not utilizing any experi-

mental data during its training. In our physics-based protein molecule unfolding model,

we assume every protein domain behaves identically. However, many protein molecules,

including utrophin and dystrophin have folded domains that are significantly different

from each other. Despite being trained on simulation data using a single double-well

potential model for the domains, PemNN demonstrates the capability to classify the

number of protein molecules involved in experiments with protein molecules exhibiting

heterogeneous domains (See Section 3.8.4 for details).

3.6.6 Application to SMFS Data Analysis

Here, we first apply both machine learning and non-machine learning methods to Titin

I27O data collected from a one-day experiment (∼ 3000 curves). Titin I27O is a well-

calibrated protein molecule with a most probable unfolding force of 204 ± 26 pN. In

Figure 3.10, RawData includes all unfolding events. The Heuristic method, a non-

machine learning approach, filters data with the WLC model [10, 3] that requires manual

adjustments by experts to fine-tune parameters. PemNN was trained on our Titin I27O

dataset and subsequently tested on the raw data to extract curves originating from

single molecule. Notably, PemNN takes less than an hour to compute statistics, while

the Heuristic method takes several hours, and RawData can take up to a full day.

PemNN achieves a most probable unfolding force of 206.68 pN, closely aligning

with the expected value (204 ± 26 pN). In contrast, the Heuristic and RawData yield

most probable unfolding forces of 217.41 pN and 192.21 pN, respectively (Table 3.3).

Furthermore, the inclusion of data not originating from single-molecule events resulted

in broader force distributions. We quantified the sharpness of these distributions using

the interquartile range (IQR), as listed in Table 3.3. Our method, PemNN, achieved

an IQR of 52.63, which is only a quarter of the IQR observed from the Heuristic or



78

the RawData, effectively filtering out confounding factors. These results highlight that

PemNN effectively analyzes AFM data by accurately capturing key statistical features

while effectively filtering out confounding factors from multiple molecules.

Figure 3.10: Application to SMFS data analysis of Titin I27O: RawData as the Baseline

Method, Heuristic as non-machine learning method, and PemNN as the our proposed

model.

We then provide additional details for utrophin and dystrophin molecules, as illus-

trated in Figure 3.11. Unfolding force distributions are visualized using violin plots,

where black stars indicate the values with the highest probability. The violins depict

data distributions with kernel density estimation (shown as black lines on either side),

and the width of each curve represents the relative frequency of data points. For each

protein molecule, Titin I27O, bact UtrN-R3, insect UtrN-R3, and DysN-R3, the unfold-

ing distributions generated by PemNN are significantly more concentrated compared to

those from RawData and Heuristic, as quantified by the interquartile range (IQR) listed

in Table 3.3. Furthermore, the most probable forces obtained with PemNN differ from

those achieved by the Heuristic method by no more than 10 pN. These results high-

light that PemNN effectively analyzes AFM data by accurately capturing key statistical

features while effectively filtering out confounding factors from multiple molecules.
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Figure 3.11: Application of PemNN to AFM Data Analysis: RawData as the Baseline

Method, Heuristic as non machine learning method, and PemNN as the our proposed

model. Unfolding force distributions are depicted using violin plots, where black stars

signify the positions of values with the highest probability, with values detailed in Table

3.3. The violins illustrate data distributions using kernel density estimation as black

lines on each side, with the width of each curve indicating the relative frequency of data

points.

Table 3.3: The most probable forces (in pN), along with the interquartile range (IQR)

in parentheses, for all four protein molecules analyzed using different methods during

AFM data analysis.

Titin I27O Bact UtrN-R3

RawData Heuristic PemNN RawData Heuristic PemNN

192.21(234.52) 217.41(270.46) 206.68(52.63) 60.50(63.22) 72.84(66.55) 70.40(36.97)

Insect UtrN-R3 DysN-R3

RawData Heuristic PemNN RawData Heuristic PemNN

81.41(85.29) 90.58(80.57) 84.66(39.98) 63.76(53.18) 74.38(53.10) 72.54(26.79)
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3.7 Conclusions

Single-molecule force spectroscopy (SMFS) data of protein molecules are time and re-

source intensive to collect. Currently, manual visual inspection remains the primary

method for classifying force curves resulting from single molecules. This process typi-

cally requires a full day per experimental iteration of a specific molecule, with multiple

iterations being standard practice in the field. These factors make it challenging to ob-

tain precise statistics of single molecular force curves and to generate a large, annotated

dataset appropriate for training deep learning models.

We developed a novel deep learning model that fuses a physics model based branch

with another that does not employ physics to efficiently classify SMFS data as orig-

inating from no molecules, single molecules, or multiple molecules. We also applied

state-of-the-art machine learning models (including ResNet, FCN, InceptionTime, and

LSTMFCN) to SMFS data. Experimental datasets, obtained from four molecules (Titin

I27O, bact UtrN-R3, insect UtrN-R3, and DysN-R3) are used to test and train the deep

learning model. A Monte-Carlo engine, based on the physics of proteins, is developed

and employed to provide simulated data. The presented approach achieves superior

performance compared to state-of-the-art baseline methods on all simulated or exper-

imental datasets. Remarkably, strong performance on experimental data even when

trained solely on simulated data is corroborated. Furthermore, the model surpasses

non-machine learning approaches in SMFS data analysis, demonstrating its effective-

ness and reliability, while reducing processing time from a day to under an hour.

3.8 Supporting Information

3.8.1 Data Preprocessing

In both single molecule and multiple molecule cases, the force curve typically consists

of two parts, separated by the detachment of the event. Our interest lies in the region

before detachment, where unfolding events occur. Here, the force curves are trimmed to

retain the region before detachment by identifying the detachment point. This trimming

process is illustrated in the transition from Figure 3.12a to Figure 3.12b. In the force

trace branch, data is resampled using linear interpolation to a default of 400 points,
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followed by min-max normalization, xscaled = x−xmin
xmax−xmin

, where xmin and xmax are

minimum and maximum values of the data x. This ensures the models focus on learning

shapes rather than magnitudes, as shown in the transition from Figure 3.12b to Figure

3.12c. In the physics-based branch, 400 samples are extracted from the trimmed force

curve by default, and the countour length Lc is calculated using polymer elastic models,

illustrated in Figure 3.12d. We utilize tools from the publicly available time series library

Tslearn [96] to implement the two preprocessing steps: resampling and normalization.

dba c

Figure 3.12: Data preprocessing example. (a) The original force curve. (b) The force

curve after trimming. (c) The force data after normalization and resampling in the force

trace branch. (d) The force curve with calculated Lc in the physics-based branch.

3.8.2 Results of the Discoidin Domain Receptors (DDRs) Dataset

The DDRs dataset contains unfolding curves of interaction forces between DDRs and

its ligand, collagen, measured by AFM at the single molecule level [60]. The dataset

contains three classes: 1) no molecule, 2) single molecule, and 3)multiple molecules.

However, force curve collection was conducted at a single pulling speed, and the dataset

is standardized to have equal lengths for each sample. However, our method, PemNN, is

not applicable as extension data is not provided. Instead, we compare the performance

of the remaining deep learning methods.

All deep learning models, except the Triplet model, were trained using 80% of the

total dataset as the training dataset and tested on the remaining dataset. Their perfor-

mance is compared to that of the triplet model reported in [60], as presented in Table
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3.4. The dataset was pre-processed as proposed in [60], which involves applying a nu-

merical first-order derivative, followed by a moving average filter with a window size

of 13, and finally min-max normalization. Among the models, InceptionTime demon-

strated the best performance, achieving approximately 20% higher overall accuracy and

F1 score compared to the Triplet model.

Table 3.4: Overall accuracy, class accuracy, and F1-score of DDRs dataset for Triplet,

MLP, FCN, ResNet, and InceptionTime are presented in the format of average (standard

deviation) from 5 runs. Among these models, InceptionTime demonstrates superior

performance compared to the others.

Models Overall accuracy (%)
Class accuracy (%)

F1-score(%)
Class 0 Class 1 Class 2

Triplet

[60]
66.70 73.30 63.30 63.30 66.70

FCN 77.10(5.15) 81.22(4.96) 77.49(13.59) 73.48(10.06) 77.30(5.32)

ResNet 79.03(4.84) 81.90(10.52) 83.97(4.74) 70.92(7.44) 79.02(4.88)

LSTMFCN 75.81(3.42) 70.91(2.49) 88.24(4.16) 71.30(9.02) 76.17(3.32)

InceptionTime 85.48(1.14) 97.14(2.61) 84.00(8.94) 72.50(12.96) 85.26(1.02)

3.8.3 Performance under Varying Train/Test Splits

We evaluated our model and baseline methods using a range of train/test split ratios

on experimental datasets. Table 3.5 reports the mean accuracy (with standard devia-

tion in parentheses) across all experimental datasets over five independent runs. Our

model consistently outperforms baseline methods, particularly under low-data condi-

tions, achieving at least 11.4% higher average accuracy when trained on only 5% of the

data. As the training data increases, our approach maintains superior accuracy while

exhibiting smaller standard deviations.
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Table 3.5: Model performance on experimental datasets with varying train/test split

ratios. Values represent mean accuracy (%) with standard deviations over five runs in

parentheses.

Train/Test Ratio 5/80 40/60 60/40 80/20

PemNN 79.61(5.24) 86.82(4.86) 88.50(5.09) 88.54(5.68)

LSTMFCN 68.26(12.12) 85.12(7.49) 85.51(6.87) 87.66(7.66)

ResNet 37.47(6.33) 81.01(9.13) 84.62(7.13) 84.47(9.26)

FCN 35.88(7.37) 75.50(8.92) 75.48(13.15) 79.43(10.18)

Triplet 55.58(10.17) 66.78(12.06) 69.15(12.26) 66.92(11.45)

InceptionTime 35.32(3.97) 80.78(12.78) 81.35(9.07) 84.76(11.58)

3.8.4 Physics-guided Pretraining Strategy

Given the challenge of constructing a large, well-annotated dataset using SMFS exper-

imental data and to eliminate experimental labeling and human bias, we employed a

physics-guided pretraining strategy. In this approach, deep learning models are pre-

trained on simulated datasets generated using physics-based models and subsequently

evaluating them on corresponding experimental datasets.

Pretraining deep learning models with the physics of protein unfolding

By utilizing simulation data, we effectively incorporate the underlying physics of protein

unfolding into our analysis. Our simulation (Section 3.5.2) is carried out using the WLC

model. The WLC model encapsulates the physics of the protein unfolding, accurately

describing the entropic spring like behavior of the protein between two unfolding events

of the protein, which is also corroborated by experimental data. Subsequently, we test

the performance of these pre-trained deep learning models using experimental data.

Data augmentation via linear combinations of examples from different classes is

shown to be effective in image classification [97, 98, 99] and sound recognition [100].

Here, we incorporate M ∈ N reference data into the force trace branch of PemNN

to augment the force data under classification (Figure 3.3). The reference data are
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randomly sampled simulated force data from the training dataset. Each reference data

F (i)
j is augmented with the force data F (i) via the difference (F (i) −F (i)

j ) as additional

channels, resulting in a total of M + 1 channels. The force data F (i) can be either a

simulated or experimental force curve undergoing classification. This augmented input[
F (i),F (i) −F (i)

1 , · · · ,F (i) −F (i)
M

]T
, comprising the force data and the reference data,

is then passed through the force trace branch.

Physics-guided pretraining strategy performance

ba

Figure 3.13: Pretraining strategy results with PemNN. a)Critical difference diagram

comparing different data augmentation methods. b)The physics-guided pretraining

strategy (train size = 0%) slightly underperforms compared to direct training with

experimental data (train sizes = 5% to 20%).

We first evaluate the data augmentation block discussed in Appendix 3.8.4 by empiri-

cally testing three methods for selecting reference data:

• random balanced: Reference data are randomly selected while maintaining an

equal number of samples from each class for every input data.

• random unbalanced: Reference data are randomly selected without class balance

for every input data.

• prefixed balanced: Reference data are fixed for all input data and are selected

equally from each class.
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Figure 3.13a presents the critical diagram comparing these selection criteria for different

numbers of reference data M . Both the random balanced and random unbalanced

criteria achieve higher rankings compared to the prefixed balanced criterion and the

case where no reference data is used. Among these, the random balanced approach with

M = 6 achieves the highest ranking and and is adopted for subsequent evaluations.

The physics-guided pretraining strategy demonstrates performance comparable to

cases where the model is directly trained using experimental data, despite not utilizing

any experimental data during its training. Specifically, the physics-guided pretraining

strategy with PemNN achieves an average accuracy of 72.0% and an average ROC-AUC

of 0.88 without invovling any experimental data (Figure 3.13). These metrics are only

13% and 0.07 lower, respectively, compared to when 20% of the experimental data is

incorporated during training.

Similarities between simulated and experimental data

We compared unfolding forces from experimental and simulated data based on their

most probable values and interquartile ranges (IQR) (see Table 3.6). Most probable

values closely match, with differences from 1 pN (Titin I27O) to ∼10 pN (10%) (Bact

UtrN-R3, Insect UtrN-R3, DysN-R3), indicating reasonable simulation accuracy. The

IQR discrepancy likely arises from using a single double-well potential for domains

in simulations. We note a key insight from our study; neural networks pre-trained

on simulated data with homogeneous domains can effectively classify the number of

proteins involved in experiments with heterogeneous protein domains.

Table 3.6: The most probable forces (in pN), along with the interquartile range (IQR)

in parentheses, for both experimental and simulated data across all four protein.

Titin I27O bact UtrN-R3 insect UtrN-R3 DysN-R3

Experimental 216.35(50.17) 81.58(64.07) 89.45(70.86) 91.25(65.64)

Simulated 217.75(36.17) 85.38(22.28) 96.65(40.20) 79.75(25.09)
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Non-homogeneity introduces more challenges

The ROC curves (Figure 3.14) for PemNN were generated using the One-vs-Rest strat-

egy, where a given class is regarded as the positive class and the remaining classes

are regarded as the negative class as a bulk. For Titin I27O, the ROC-AUC remains

consistently high, above 0.85 in all cases, regardless of whether the training data is ex-

perimental or simulated (Figure 3.14a, Table 3.7). For both utrophin and dystrophin,

the no-molecule class consistently performs well whether experimental data is used for

training or not. However, significant improvements are observed for the single-molecule

and multiple-molecule classes when experimental data is used for training instead of

simulation data, with ROC-AUC of single-molecule class increasing by at least 0.2 for

insect UtrN-R3, bact UtrN-R3, and DysN-RR3 (Figure 3.14b-d, Table 3.7). This sug-

gests notable differences between simulation and experimental data for both utrophin

and dystrophin.

cba

Trained with experimental data:

Trained with simulation data:

Titin I27O dInsect UtrN-R3 DysN-R3Bact UtrN-R3

Figure 3.14: ROC curves from a single run for four datasets, (a) Titin I27O, (b) Insect

UtrN-R3, (c) Bact UtrN-R3 and (d) DysN-R3 using PemNN. ROC curves are plotted

using One-vs-Rest strategy, with no molecule, single molecule and multiple molecules

classes depicted in yellow, red and blue, respectively. Solid lines represent results trained

with simulation data, while dashed lines indicate results trained with experimental data.

These ROC curves are generated using 80% of experimental data, with the correspond-

ing ROC-AUC in Table 3.7.

The ROC curves allow us to adjust the optimal probability threshold. We can achieve

high precision but accept low sensitivity to ensure the reliability of single molecule data

statistics. The probability threshold can be chosen to tune for a minimum sensitivity or
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for a minimum specificity. For example, we have selected the thresholds to achieve an

average of 93% of the positive identifications of single molecule are correct across four

experimental datasets. Thus the method can effectively filter data such that inferences

can be drawn from true single molecule experiments. Alternatively, we can aim for high

sensitivity but accept low precision to avoid losing data, given the scarcity and high

cost of producing SMFS data (Appendix 3.8.4).

We further investigated the possible reasons for the superior performances of Titin

I27O compared to insect UtrN-R3, bact UtrN-R3, and DysN-R3. Titin I27O has iden-

tical domains whereas utrophin and dystrophin have heterogeneous domains. The sim-

ulation model we use assumes identical folded domains in a protein. A model that

can simulate a molecule with heterogeneous domains requires the model parameters for

each domain. These parameters are not available for insect UtrN-R3, bact UtrN-R3,

and DysN-R3. Thus, we hypothesize that when information about the molecular do-

mains is missing in the simulation model, the usage of experimental data in training

provides substantial improvements in performance. This is the case with molecules with

heterogeneous domains.

Table 3.7: ROC-AUC of ROC curves in Figure 3.14.

Trained with simulation data Trained with experimental data

No

molecule

Single

molecule

Multiple

molecules

No

molecule

Single

molecule

Multiple

molecules

Titin I27O 0.98 0.86 0.90 1.00 0.95 0.96

Insect UtrN-R3 0.92 0.61 0.75 0.99 0.81 0.84

Bact UtrN-R3 0.97 0.67 0.82 1.00 0.92 0.93

DysN-R3 0.97 0.61 0.77 1.00 0.88 0.90

Adjusting probability thresholds

The primary goal is to identify single molecule force curves, so we simplify the problem

from multi-class to binary classification, focusing on distinguishing force curves from

single molecules versus those from no molecule and multiple molecules. By leveraging

the ROC curve, which illustrates the true positive rates (TPR) against the false positive
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rates (FPR) by varying the probability threshold tp, we can choose the optimal proba-

bility thresholds top to classify these binary classes. The optimal probability threshold

top is determined by maximizing the difference between TPR and FPR with a weight

α ∈ R on FPR,

top = argmaxtp(TPR− α · FPR). (3.18)

Subsequently, optimal thresholds with varying α are applied to the binary classification

task. The results, compared to the original threshold, are presented in Figure 3.15 for

ResNet. The models are trained on simulation data and then evaluated on experimental

data.

Figure 3.15: Performance of PemNN with varying probability thresholds for all four ex-

perimental datasets. The x-axis represents values of α, with ’w/o Threshold’ indicating

no threshold is used.

A larger weight α places greater emphasis on false positive, thereby increasing preci-

sion. For example, the precision of single molecule class improves to 0.93 when α = 10.

However, this improvement comes with a trade-off in recall. This adjustment enhances

the reliability of single molecule data statistics, as we can be more confident that no-

molecule and multiple-molecules force curves are not misclassified as single-molecule

class. Conversely, if the preference is to accept some false positives rather than exclude

any true positives as the data are expensive and scarce, α = 0.2 would be the choice to

achieve high recall, albeit with lower precision.
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Discussion and limitations

A significant insight of the study is that we can perform the task of classification of

data under no molecule, single molecule, and multiple molecules (for proteins with

heterogenous domains) being pulled where the training is done based on simulation data,

where a single double-well potential model of the domains is employed. This implies

that there is enough other information on the force-curves that allows discrimination

between no, single, and multiple proteins-based force-curves. We emphasize that neural

networks trained on simulated data using homogeneous domains have the capability to

classify between the number of proteins being involved in the experiments of protein

molecules with heterogeneous domains.

We identify the following limitations for the physics-guided pretraining strategy.

First, the simulation algorithm relies on energy landscape parameters, which are not

straightforward to obtain and typically necessitate experiments involving multiple pulling

speeds or constant forces. Transforming our physics-guided pretraining strategy to be

agnostic to the energy landscape parameters is beyond the scope of this study. Second,

in our physics-based protein unfolding model, we assume every protein domain behaves

identically. However, many proteins, including utrophin and dystrophin have folded

domains that are significantly different from each other. Developing methods that can

extract the individual energy landscapes of the different dissimilar domains in a protein

is likely to aid in identifying single molecule force curves arising from proteins with dis-

similar domains. The development of techniques to extract distinct energy landscapes

from a small amount of experimental data should be investigated in the future.



Chapter 4

A Method for Identifying

Heterogeneous Protein Folding

Domains

Natural proteins consist of heterogeneous folding domains with distinct mechanical char-

acteristics, and understanding these domain-level behaviors is crucial for uncovering dis-

ease mechanisms. Single-molecule force spectroscopy (SMFS) provides a way to probe

the mechanical response of whole proteins, but existing methods face challenges in re-

solving heterogeneous domains, especially without prior information. In this chapter, we

introduce the first automated framework for detecting heterogeneous folding domains

in SMFS data, including both existing clustering methods and a novel physics-aware

deep clustering model. By enabling domain-level biological inference, our approach

addresses previous limitations that relied on averaging and overlooked heterogeneity,

thereby advancing the study of protein unfolding mechanics.

4.1 Introduction

Advances in instrumentation—such as atomic force microscopy (AFM) [17] and optical

tweezers [18]—have enabled SMFS measurements with force sensitivity in the femtonew-

ton to piconewton range and nanometer spatial resolution. However, interpreting SMFS

90
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data is challenging, particularly when dealing proteins with multiple, heterogeneous do-

mains. Prior analysis of SMFS data often employed well-characterized proteins with

known structural or mechanical properties [101], with a single domain or multiple het-

erogeneous domains; thus, excluding applicability to proteins with no prior knowledge

and/or proteins with heterogeneous domains. These limitations, coupled with the ther-

apeutic potential of such insights, motivate the development of automated, data-driven

tools for identifying heterogeneous domains in natural proteins.

In this work, we use clustering models to identify heterogeneous domains in natural

proteins. We both apply existing clustering models and provide a novel deep clustering

physics-aware architecture, LatentUnfold. LatentUnfold employs two autoencoders to

learn latent representations; the first captures latent features from SMFS data, while the

second is designed to model relationships within the data that are informed by physical

models, such as the Worm-Like Chain (WLC) model [77]. The latent representations

are then jointly optimized for better clustering assignments. We validated all cluster-

ing models using both simulated data, generated by Monte Carlo simulation, and real

SMFS experimental data from four biologically important protein molecules. Across 51

simulation datasets, LatentUnfold achieved an average ranking of 2.59, outperforming

existing clustering methods by at least 16.5% in terms of Silhouette score. For a syn-

thetic protein composed of two well-characterized domains, we successfully identified

and attributed the domains with mechanical properties consistent with previously re-

ported values. Last, we applied to natural protein molecules, utrophin and dystrophin,

and uncovered two distinct types of heterogeneous domains with different mechanical

properties.

This work represents the first reported effort of automating the identification of

heterogeneous domain in SMFS data. It provides insight into the mechanical behavior

of protein unfolding and highlights the value of domain-level analysis. Previously, a

lack of such a facility has limited biological inferences to be drawn in an average sense

without accounting for the impact of heterogeneity which is a substantial limitation.
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4.2 Literature Review

4.2.1 Identification of heterogeneous protein domains in SMFS data.

Natural protein molecules with heterogeneous domains are typical, but current methods

are limited to mechanical molecular fingerprints, which are well-characterized protein

molecules with known structural or mechanical properties [101], to confirm the pres-

ence of single molecules and identify specific domain unfolding events. However, these

methods can not be applied to natural proteins comprised of multiple heterogeneous

domains [102, 103]. Moreover, incorporated molecular fingerprints can influence the

native behavior of the studied protein, which may result in misleading experimental

outcomes [104]. Domain expert knowledge is necessary to identify different molecular

fingerprints, polymer elasticity models, such as the worm-like chain (WLC) model [77],

are employed to fit individual unfolding events [105]. To identify these heterogeneous

domains in natural protein molecules, we are the first to report the automation of identi-

fying heterogeneous domains and the first to both apply and innovate clustering models

in a data driven manner.

4.2.2 Clustering methods for time series data.

Time series clustering is widely explored in machine learning and deep learning con-

texts and has proved effective for discovering structural patterns in unlabeled data

[106]. Classical approaches like K-Means and K-medoids with dynamic time warp-

ing (K-means DTW and K-medoids DTW) can handle temporal misalignments [107].

However, these methods suffer from increase in data dimensionality [108]. Autoencoders

(AEs) are designed to learn low-dimensional features through neural networks, enabling

more effective clustering with algorithms like K-Means [109]. Different neural network

architectures have been explored within autoencoder frameworks, multiple linear per-

ceptron (MLP) and convolutional neural network (CNN) can extract latent features

efficiently, and recurrent neural network (RNN) and long short-term memory (LSTM)

can capture long-range temporal dependencies [110]. More recently, deep clustering

methods, such as deep embedded clustering (DEC) [111], and deep temporal clustering

representation (DTCR) [112], further optimize feature learning by clustering objectives,

yielding compact and cluster-friendly embeddings. In this article, apart from adapting
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extant machine learning techniques, we propose LatentUnfold, a novel deep clustering

framework for identifying heterogeneous domains from SMFS data by learning latent

representations.

4.3 Problem Statement

Figure 4.1: Illustration of AFM-based SMFS. (a) Schematic of the experimental con-

figuration with the protein molecule composed of three folded domains. The deflection

d and the cantilever–substrate distance z are measured during pulling. (b–d) Illustra-

tion of sequential unfolding of three domains, including two type 0 domains (blue) and

one type 1 domain (red). (e) Representative force-extension curve with the unfolding

segment indicated by a dashed oval. (f) Matching unfolding curve segments to domain

types 0 and 1, enabling identification of heterogeneous domains.

In AFM-based SMFS experiments a protein molecule of study is tethered between the

tip of micro-cantilever and the substrate. When the cantilever is retracted from the
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substrate at a constant speed, the force F experienced by the cantilever is calculated

by F = kd, where k is the spring constant of the cantilever and d is the deflection

of the cantilever tip. The force F acts as a proxy for the tensile force applied to the

protein molecule, while the extension X is the protein length (Figure 4.1a), resulting in

force-extension curve. The example shown in Figure 4.1e corresponds to a single protein

molecule with two different types of domains, labeled as type 0 and 1. As the cantilever

retracts, the first force drop reflects the rupture of nonspecific adhesion between the

tip and the substrate [65]. Subsequent three force drops are caused by the sequential

unfolding of three folded protein domains under mechanical tension (Figure 4.1b–d).

Finally, the protein detaches either from the cantilever tip or the substrate, resulting in

the final force drop [8].

The force-extension curve (Figure 4.1e) reflects the unfolding process of proteins

composed of multiple heterogeneous domains. Every domain unfolds with its own char-

acteristic force-extension response, which we term as an unfolding segment. Identifying

which unfolding segment corresponds to which domain type remains challenging, yet it

is crucial to further the understanding of the biological function of the protein. The

transition from Figure 4.1d to Figure 4.1e illustrates the goal: resolving the curve into

domain-specific unfolding segments—type 0 and type 1.

However, clustering unfolding segments from force-extension curves is inherently

challenging due to several factors: (1) SMFS experiments exhibit low success rates of

single-molecule capture, necessitating the collection of thousands of force curves (typi-

cally 2000–5000) to obtain statistically meaningful inferences [3]; (2) force curves often

contain noise, nonspecific adhesion, and detachment artifacts, complicating the identi-

fication of true domain unfolding segments; and (3) often proteins under study possess

unknown or complex domain architectures with no prior characterization, making man-

ual annotation by domain experts [113] infeasible and error-prone.

Given these challenges, it is difficult to do manual visualization, which needs expert

knowledge, introduces subjectivity, and lacks scalability. Therefore, there is a pressing

need for robust, automated methods capable of identifying heterogeneous domains from

noisy, unlabeled force-extension curves. We separate force-extension curves into unfold-

ing segments, resulting in a dataset D = [(F (1),X (1)), . . . , (F (n),X (n))]. Each force-

extension pair
(
F (i),X (i)

)
corresponds to one unfolding segment, comprising Ti ordered
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real values of force F (i) = [F
(i)
1 , F

(i)
2 , . . . F

(i)
Ti

] and extension X (i) = [X
(i)
1 , X

(i)
2 , . . . X

(i)
Ti
].

All segments are standardized to a fixed length T after pre-processing.

4.4 Methods

We first apply existing methods described in Section 4.4.1 and further propose a novel

physics-aware deep clustering framework, LatentUnfold in Section 4.4.2, to identify

heterogeneous domains of natural protein molecules.

4.4.1 state-of-the-art methods

K-Means is a widely used clustering algorithm that assigns data points to the nearest

centroid to minimize intra-cluster variance:

J =
K∑
k=1

∑
xi∈Ck

dist(xi − µk) (4.1)

where K is the number of clusters, xi is a data point, µk is the centroid of cluster

Ck and dist(·) denotes the distance. K-Medoids selects actual data points (medoids)

as cluster centers, making it more robust to noise and outliers. Common options for

distance are Euclidean norm and DTW. However, applying it directly to time series data

using Euclidean norm is inadequate due to temporal misalignments. DTW addresses

this by computing the minimum cumulative distance between aligned points of two

sequences X = [x1, x2, ...xn] and Y = [y1, y2, ...ym], allowing for elastic shifts in the

time axis.

DTW (X,Y ) = min
π∈A(n,m)

∑
(i,j)∈π

d(xi, yj) (4.2)

where π is a warping path from start to end, A(n,m) is the set of all valid warping

paths and d(xi, yj) is the distance function (usually Euclidean distance).

Autoencoders (AEs) are unsupervised neural networks designed to learn low-dimensional

latent representations by reconstructing the input [109]. For instance, MLP-AE consists

of fully connected layers, and ResNet-AE uses multiple convolutional layers with residual

connections, followed by a global average pooling and a dense embedding layer. These
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autoencoders are trained solely with reconstruction loss, and clustering is assigned with

the learned latent representations using K-Means.

DEC [111] is a deep clustering framework where a neural network is trained to

jointly learn latent representations and cluster assignments. Deep temporal clustering

representation (DTCR) [112] is a deep clustering method tailored for time series data. It

uses stacked bidirectional gated recurrent units (GRUs) to encode temporal patterns and

integrates three objectives: reconstruction loss, a binary classification loss to distinguish

real from time-shuffled inputs, and a K-means loss to learn cluster assignments.
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Figure 4.2: Model architecture of LatentUnfold, a novel physics-aware deep clustering

framework.

4.4.2 LatentUnfold, a novel physics-aware model

LatentUnfold aims to capture two complementary features from unfolding segments,

force magnitude and force-extension relationship, using two autoencoders to extract

latent representations, as illustrated in Figure 4.2. The force autoencoder is trained ex-

clusively on force magnitudes; extension values are omitted because identical domains

can unfold at different points along the trace, yielding disparate extension readings that
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would confound representation learning. Force alone, however, cannot fully describe me-

chanical behavior of protein molecules, which is governed by the relationship between

force and extension modeled by protein unfolding physics. The relationship autoencoder

learns from normalized force–extension pairs, embedding the underlying physical rela-

tionship into latent representations. After obtaining latent representations from both

autoencoders, we apply a K-means loss to learn how much to trust each representation

for accurate cluster assignments.

The force encoder fencF maps F (i) into a latent representation z
(i)
F ∈ RmF with

mF ∈ N+ and the decoder fdecF reconstructs the data from the latent space. After

both encoding and decoding process, the reconstructed force sequence F̂ (i) ∈ RT is

computed as F̂ (i) = fdecF
(
fencF

(
F (i)

))
.

We use the mean square error (MSE) as the reconstruction loss to train the autoen-

coder with Y being the input and Ŷ being the reconstruction, defined as:

Lrec =
1

n

n∑
i=1

||Y(i) − Ŷ(i)||2. (4.3)

The force encoder architecture consists of three convolutional blocks, followed by

a global average pooling layer and a fully connected layer to produce the latent rep-

resentation. Each convolutional block is composed of a 1-Dimensional convolutional

layer, batch normalization layer [66] and a Rectified Linear Unit (ReLU) [67] activation

layer. The decoder is constructed as the mirror of the encoder architecture with three

convolutional blocks.

The relationship encoder fencR extracts a latent representation z
(i)
R ∈ RmR with

mR ∈ N+, which is then passed through a relationship decoder fdecR to reconstruct

both sequences (F̂ (i), X̂ (i)). This autoencoder is trained using the reconstruction loss

defined in Equation 4.3. We tested two encoder architectures, the first one, referred

to as LatentUnfold(LSTM), uses three stacked bidirectional long short-term memory

(BiLSTM) layers [114] with the decoder is constructed as the mirror of the encoder

architecture. The second, referred to as LatentUnfold(CNN-LSTM) inspired by deep

temporal clustering [115], introduces a convolutional layer followed by a max-pooling

layer prior to the BiLSTM stack to better capture cross-channel relationships, corre-

sponding to the optional block in Figure 4.2.

After obtaining the two latent representations zF and zR, we apply feature-wise
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min-max normalization to remove scale differences between them. To adaptively con-

trol the influence of each representation on the clustering task, we introduce learn-

able parameters αF and αR, computed as αF , αR = softmax(W · [zF zR] + b), with

W ∈ Rn×(mF+mR) and b ∈ Rn are weights and bias of gate block.

These weights modulate the relative importance of each latent space. The final

combined representation is H = [αF · zF αR · zR] ∈ Rn×(mF+mR). We optimize a

spectral-relaxed K-means loss [116, 112] defined as:

LK−Means = Tr(HTH)− Tr(F THTHF ), (4.4)

where Tr(·) denotes the matrix trace and F ∈ Rn×K is the cluster indicator matrix,

where K is the number of clusters.

4.5 Datasets

4.5.1 Simulation data

A Monte Carlo simulation based method, adopted from Section 3.5.2, was used to gen-

erate simulated force-extension data. Below, we provide an overview of the simulation

framework with minor modifications.

The system consists of a single protein composed of two distinct domain types,

indexed by i = 0, 1. The cantilever base is pulled at constant velocity v, and at each

time step ∆t the protein extension X is calculated via a force-balance equation using

the Worm-Like Chain (WLC) model [39]:

kd =
kBT

Lp

 1

4
(
1− X

Lc

)2 − 1

4
+

X

Lc

 , (4.5)

where kB is the Boltzmann constant, T is temperature, and Lc and Lp are the contour

length and the persistence length of the protein, respectively.

At each time step, the probability that a domain of type i = 0, 1 unfolds is given by

Pi(F ) = (Di − Ui)(1− e−koff,i(F )∆t), (4.6)

where Di is total number of domains and Ui is the number of unfolded domains of type

i, and koff,i(F ) is the transition rate that can be determined with the Dudko-Hummer-

Szabo model [34]:
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koff,i(F ) = k0,i

(
1−

νF∆x‡i

∆G‡
i

) 1
ν
−1

e
β∆G‡

i

1−(1−
νF∆x

‡
i

∆G
‡
i

)1/ν

, (4.7)

where k0,i is the intrinsic transition rate, ∆x‡i is the distance to energy barrier, ∆G‡
i

is the energy barrier height for type i domain, and β = 1
kBT , and ν = 1/2 or 2/3,

representing the cusp-like or linear-cubic energy landscape.

To determine whether unfolding occurs, a random number between 0 and 1 is gen-

erated and compared to Pi(F ). If the random number is smaller than Pi(F ), the type

i domain unfolds. If both P0(F ) and P1(F ), exceed the random number, the domain

with the higher probability unfolds, while the other remains folded. Upon unfolding,

the contour length of the entire protein is updated by adding an increment ∆Lc,i cor-

responding to the unfolded domain type. The two domain types differ in both their

kinetic parameters, k0, ∆x‡, and ∆G‡, and their elastic property such as the contour

length increment ∆Lc.

ddFLN4-Titin I27

NT 11 2 3UtrN-R3

DysN-R3 NT 11 2 3

ddFLN4 Titin I27
a

b

c Insect

Bacterial

Figure 4.3: Diagrams of protein molecules. (a) ddFLN4–Titin I27, consisting of one

ddFLN4 domain and one Titin I27 domain. (b) DysN-R3, a fragment of dystrophin

spanning the N-terminus (NT) through spectrin-like repeat 3 (SLR3). (c) UtrN-R3,

a corresponding utrophin fragment, further divided into bacterial UtrN-R3 and insect

UtrN-R3 based on the expression system. Ovals represent spectrin-like repeats (SLRs),

and NT indicates the N-terminus domain.
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4.5.2 Experimental data

We employed experimental data that were obtained from physical experiments con-

ducted via AFM on four different protein moelcules. The first is ddFLN4–Titin I27

(Fig. 4.3a), a synthesized protein composed of two distinct domains: one ddFLN4 do-

main and one Titin I27 domain. Both are well-characterized, single-domain molecules

widely used in SMFS as reference systems due to their robust and reproducible me-

chanical properties [6]. ddFLN4 is the fourth immunoglobulin (Ig)-like domain from

Dictyostelium discoideum filamin, a cytoskeletal actin-binding protein that provides

mechanical support to cells. Titin I27 is the 27th Ig-like domain of human titin, a giant

sarcomeric protein responsible for the passive elasticity of muscle.

The remaining three protein constructs are derived from dystrophin and utrophin,

two natural proteins with considerable variations in their sequences and structures. Dys-

trophin is primarily localized at the muscle cell membrane, or sarcolemma, in striated

muscle tissue. Dystrophin deficiencies lead to Duchenne muscular dystrophy (DMD),

a severe and fatal muscle wasting disorder occurring in 1 out of 4000 male births [13].

Utrophin, a fetal homologue of dystrophin, is currently under investigation as a poten-

tial therapeutic substitute for dystrophin in DMD treatment. We include dystrophin

and utrophin fragments that span from the N-terminus (NT) through spectrin-like re-

peat (SLR) 3 domains. These constructs are referred to as DysN-R3 (Fig. 4.3b) for dys-

trophin and UtrN-R3 (Fig. 4.3c) for utrophin. Previous studies have shown that the me-

chanical properties of UtrN-R3 are influenced by the expression system used—whether

derived from insect or bacterial cells [3, 58]. To account for the expression system, we

further distinguish between insect UtrN-R3 and bact UtrN-R3 in our analysis. For all

three constructs, the NT domain is presumed to be structurally distinct from the SLR

domains, as it contains roughly twice the number of amino acids compared to an indi-

vidual SLR domain [14]. No new experimental data were generated for these constructs;

all data were obtained from previously studies [3, 58]. In summary, our four real protein

molecules are: ddFLN4-Titin I27, bact UtrN-R3, insect UtrN-R3, DysN-R3.
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4.6 Results

We outline the evaluation setup in Section 4.6.1, present performance on simulated data

with known ground truth in Section 4.6.2, and finally evaluate on experimental data

from four different protein molecules in Section 4.6.3.

4.6.1 Evaluation

Each dataset is partitioned into training and test subsets using a 20-80 split. Each

model configuration is trained and evaluated five times independently to account for

stochasticity and ensure statistical robustness. To evaluate clustering performance, we

use both external and internal metrics.

Clustering accuracy [117] is an external metric that measures how well the predicted

cluster labels ypred align with the ground truth labels ytrue. Since cluster labels are

arbitrary, a permutation function π(·) is applied to find the best label alignment. The

accuracy is defined as

Accuracy =
1

n

n∑
i=1

1
(
ytrue(i) = π

(
ypred(i)

))
, (4.8)

where n is the number of samples and 1(·)is the indicator function. As an internal

metric, the Silhouette score [118] assesses the compactness and separation of the clusters

without using ground truth. For each sample i, a(i) is the average distance to other

points in the same cluster, and b(i) is the minimum average distance to points in any

other cluster. The Silhouette score is defined as

Silhouette =
1

n

n∑
i=1

b(i)− a(i)

max{a(i), b(i)}
. (4.9)

Higher values indicate better-defined clusters, with 1 being ideal separation and values

near 0 indicating overlapping clusters.

Because experimental SMFS data lack ground truths, we validate our clustering

results by examining physical properties that quantify mechanical behavior. Two widely

used physical properties are the unfolding force and the contour length increase [6].

The unfolding force, the peak force within an unfolding segment, can be described by

the Dudko-Hummer-Szabo (DHS) model [34], whose parameters include the intrinsic
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transition rate k0, the distance to the energy barrier ∆x‡, and the energy barrier height

∆G‡. The contour length Lc, the maximum physically possible extension, is obtained by

fitting the WLC model (Equation 3.2); the contour-length increase ∆Lc is the difference

in Lc between consecutive unfolding segments.

In our model, the force autoencoder employs convolutional layers with a fixed filter

size of 64. The filter lengths for the first, second, and third convolutional layers are set

to 8, 5, and 3, respectively. The default latent space dimension for the force encoder

is mF = 2. For the relationship autoencoder, three stacked BiLSTM layers uses size of

64,8,2, respectively, resulting in a latent space dimension of mR = 4. In the CNN-LSTM

variant, a convolutional layer with 100 filters of size 10 is applied before the BiLSTM

layers, followed by a max-pooling layer of size 10. All models are trained with a batch

size of 16 for 50 epochs. All models are trained with Adam [95] with the learning rate

0.001, β1 = 0.9, β2 = 0.999 and ϵ = 1e − 8. Experiments are conducted on a high-

performance computing setup featuring NVIDIA and Apple M1 Pro GPUs, ensuring

computational efficiency.

k0 ∆x‡ [nm] ∆G‡ [kBT ] ∆Lc[nm]

P0 0.0001 0.40 20.0 30.0

P1 0.08 0.37 10.0 40.0

Table 4.1: Simulation parameters for parameter sets 0 and 1.

4.6.2 Performance on Simulated Data with Known Ground Truth

The simulation data generation process was described in Section 4.5.1, where each

dataset was created using a distinct pair of parameters, Each dataset produced approx-

imately 1,000 simulated force-extension curves at a fixed pulling speed. We simulated

datasets at three pulling speeds: 500, 1000, and 2000 nm/s. Since the ground truth la-

bels are known for the simulated data, we evaluated clustering performance using both

accuracy and Silhouette score.
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Two well-separated simulation parameters

We first evaluate our approach on simulated datasets generated from two well-separated

parameter sets, referred to as ‘P0’ and ‘P1’ (Table 4.1). As shown in Figure 4.4a, the

predicted unfolding force distributions closely match the ground truth at 1000 nm/s.

This agreement persists across other pulling speeds (500 and 2000 nm/s), and similar

consistency is observed for contour length increments ∆Lc (Figure 4.4b). Predicted

unfolding forces not only align well with the ground truth but also exhibit a consis-

tent shift toward higher values with increasing pulling speed, while ∆Lc shows minimal

dependence on pulling speed—both trends consistent with known biophysical behav-

ior. Example force extension curves (Figure 4.4c) further illustrate the identification

of distinct unfolding segments. Finally, LatentUnfold(LSTM) and LatentUnfold(CNN-

LSTM) achieved an average clustering accuracy of 0.93, with Silhouette scores of 0.61

and 0.75, respectively. These physics-aware architectures outperformed existing clus-

tering methods; for instance, LatentUnfold(CNN-LSTM) surpassed K-means DTW by

0.03 in accuracy and 0.17 in Silhouette score (Table S1 in Appendix).

Model Accuracy Silhouette

K-means DTW 0.90 (0.01) 0.57 (0.00)

K-medoids DTW 0.91 (0.01) 0.56 (0.00)

MLP-AE 0.77 (0.12) 0.51 (0.03)

LatentUnfold(CNN-LSTM) 0.93 (0.02) 0.75 (0.02)

LatentUnfold(LSTM) 0.93 (0.01) 0.61 (0.10)

Table 4.2: Clustering accuracy and Silhouette score (mean with standard deviation in

parentheses) for each model at 1000 nm/s. Results at 500 and 2000 nm/s are similar

and therefore omitted for brevity. Best values at this speed are highlighted in bold.



104

a b

c

Figure 4.4: Predicted versus ground truth results on simulated data using LatentUn-

fold(LSTM). (a) Predicted unfolding force distributions (dashed lines) closely match the

ground truth distributions (solid lines) for the dataset at 1000 nm/s. (b) Distributions

of unfolding force (top) and contour length increment (bottom), with medians shown as

center points and error bars indicating standard deviations. (c) Example force-extension

curves with two distinct unfolding segments identified.

Robustness study with systematic parameter variation

Following our initial evaluation on a well-separated parameter set, we conducted a com-

prehensive robustness study to assess the generalizability of our method across varying
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simulation conditions. Specifically, we generated 16 additional datasets by systemati-

cally varying one of four key parameters at a time, while keeping the remaining param-

eters fixed at values of ‘P0’, reported in Table 1 in main paper. The four parameters

are: the intrinsic transition rate k0, the distance to the transition state ∆x‡, the energy

barrier ∆G‡, and the the contour length increase ∆Lc.

a b

c d

Figure 4.5: Robustness study under systematic parameter variation. Each parameter is

modified by a specified fold relative to values of ‘P0’ (Table 1 in the main paper, and

annotated accordingly (e.g., +99% k0 indicates a 99-fold increase in k0). Ground truth

distributions are shown as solid lines, and predictions as dashed lines.

The corresponding results are presented in Figures 4.5. For example, in one case we

increased k0 from 0.0001 to 0.01—a 99-fold increase—denoted as +99% k0. Across all

tested conditions, the predicted unfolding force and ∆Lc distributions remained closely
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aligned with the ground truth, demonstrating the robustness of our method. Addition-

ally, the observed effects of each parameter modification match theoretical expectations.

Specifically, a smaller k0, a smaller ∆x‡, or a larger ∆G‡ each lead to higher unfolding

forces without altering ∆Lc. In contrast, changes in ∆Lc primarily affect the contour

length increment distribution while having minimal impact on unfolding forces. These

results confirm that our clustering framework accurately captures key biophysical prop-

erties across a range of controlled parameter perturbations.

Ranking different methods

b

a

Figure 4.6: Critical difference (CD) diagrams comparing all models across the 51

simulated datasets using (a) clustering accuracy and (b) Silhouette score. The top-

performing model receives a rank of 1. Models connected by a thick horizontal line

form a group with no statistically significant difference in performance. Statistical sig-

nificance is assessed following [4, 5].

We next ranking LatentUnfold with existing clustering models across a total of 51

simulated datasets, corresponding to 17 parameter configurations evaluated at three

different pulling speeds. One configuration was generated using the well-separated pa-

rameters described above, while the remaining 16 were derived from the robustness

analysis detailed in the Appendix, where each simulation parameter, k0, ∆x‡, ∆G‡,
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and ∆Lc, was systematically varied across four values. For each simulation condi-

tion, we assessed all models on the corresponding test data and ranked them based

on their average performance over five runs using two evaluation metrics: clustering

accuracy and Silhouette score. The top-performing model for each parameter pair was

assigned a rank of 1, and average rankings were then computed across all parameter

combinations. These aggregated results are visualized using critical difference (CD)

diagrams [4]. As shown in Figure 4.6a, where clustering accuracy is used as the eval-

uation metric, our physics-aware models—LatentUnfold(CNN-LSTM) and LatentUn-

fold(LSTM)—achieved the lowest (i.e., best) average ranks of 2.13 and 3.41, respec-

tively. When Silhouette score is used instead (Figure 4.6b), LatentUnfold(LSTM) and

LatentUnfold(CNN-LSTM) again outperformed, with average ranks of 2.59 and 2.86,

respectively.

Ablation study

b

a

Figure 4.7: Critical difference (CD) diagram for the ablation study with (a) clustering

accuracy and (b) Silhouette score. Both LatentUnfold(CNN-LSTM) and Ours (LSTM)

consistently outperform the single-autoencoder variants: the force-only autoencoder

(FAE), the CNN-LSTM relationship autoencoder (RAE-CNN-LSTM), and the LSTM

only relationship autoencoder (RAE-LSTM).
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We conducted an ablation study to evaluate the contribution of different components

within our model architecture using all simulated datasets. Our proposed models com-

bine a force autoencoder and a relationship autoencoder, and are further categorized into

Ours (CNN-LSTM) and Ours (LSTM) based on the architecture of the relationship au-

toencoder. For comparison, we evaluate variants that use only a single autoencoder: we

also evaluated three simplified variants that use only a single autoencoder: the force-only

autoencoder (FAE), the CNN-LSTM relationship autoencoder (RAE-CNN-LSTM), and

LSTM only relationship autoencoder (RAE-LSTM). In these single-autoencoder config-

urations, clustering is performed by directly applying K-means(DTW) to the learned

latent representations. As shown in Figure 4.7, both LatentUnfold(CNN-LSTM) and

LatentUnfold(LSTM) consistently outperform their single-autoencoder counterparts,

demonstrating the effectiveness of jointly modeling force and relational information

through a dual-autoencoder framework.

4.6.3 Effective Identification of Heterogeneous Domains from Real Ex-

perimental Data

Molecule K=1 K=2 K=4

ddFLN4–Titin I27 -0.09 (0.23) 0.65 (0.04) 0.51 (0.04)

Insect UtrNR3 -0.08 (0.32) 0.67 (0.11) 0.53 (0.04)

Bact UtrNR3 -0.08 (0.21) 0.62 (0.07) 0.52 (0.03)

DysNR3 -0.12 (0.18) 0.61 (0.06) 0.52 (0.03)

Table 4.3: Silhouette scores (mean and standard deviation across five runs and three

pulling speeds) for the LatentUnfold(LSTM) model with different cluster numbers on

four protein molecules. Additional results and detailed trends are shown in Figure 4.11.
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a

b

c

Figure 4.8: Clustering results for a synthesized protein with well-characterized domains.

Clustering statistics for ddFLN4 (cluster 0) and Titin I27 (cluster 1) at pulling speeds of

(a) 500 nm/s, (b) 1000 nm/s, and (c) 2000 nm/s. The first column shows representative

force-extension curves with color-coded segments by predicted cluster labels. The second

column displays the unfolding force distributions, and the third column presents the

distributions of contour length increase (∆Lc). Cluster 0 is shown in blue, Cluster 1 in

orange, and the combined distribution is shown in red.



110

Unlike simulated data, real experimental data lacks ground-truth labels and may contain

traces that do not originate from single molecule events. As a result, we use only the

Silhouette score as the evaluation metric for experimental data. To ensure data quality,

we apply a three-step filtering process, with further details provided in Section 4.8.1: 1)

apply a physics-augmented deep learning model for initial filtering to remove traces not

originating from single molecule proteins [119]; 2) perform expert review of the filtered

traces; and 3) select unfolding segments based on the fitting quality to the WLC model.

Since clustering labels are arbitrary, we assign label 0 to the cluster with the smaller

median unfolding force for consistent presentation of results. We begin by evaluating

our methods on the synthesized protein molecule ddFLN4–Titin I27, and then extend

the analysis to natural protein molecules, including bact UtrN-R3, insect UtrN-R3, and

DysN-R3.

Synthesized Protein: ddFLN4–Titin I27

AFM experiments on ddFLN4–Titin I27 were conducted across multiple sessions, with

each session performed at a fixed pulling speed of either 500, 1000, or 2000 nm/s, yielding

approximately 3,000–5,000 trials per session. To determine the appropriate number of

clusters, we evaluated the Silhouette score for different cluster counts K (Table 4.3)

When K = 1, the Silhouette score is negative, indicating a lack of meaningful clustering

structure. The score peaks at 0.65 forK = 2, and subsequently decreases asK increases;

suggesting the presence of two well-separated clusters in the dataset.

We applied the top five clustering algorithms; LatentUnfold(CNN-LSTM), Laten-

tUnfold(LSTM), K-means(DTW), K-medoids(DTW), and MLP-AE, as identified in

Figure 4.6; independently to the experimental dataset. A consensus voting strategy

among the five methods was used to report the clustering statistics shown in Figure 4.8a.

Each pulling speed condition (500, 1000, and 2000 nm/s) includes more than 95 force-

extension curves, with each predicted cluster containing at least 40 unfolding events.

According to previous literature, ddFLN4 unfolds via a two-step pathway with unfold-

ing forces of around 60-80 pN at pulling speeds of 1000 nm/s, and the contour length

increase of ∼16 nm per step [120]. Titin I27 unfolds in a single step, with unfolding

forces of 200–220 pN and a contour length increase of ∼28 nm [8, 52]. In our cluster-

ing results, cluster 0 is assigned to the group with the lower median unfolding force,
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corresponding to ddFLN4, while cluster 1 represents Titin I27. At 1000 nm/s, Cluster

0 (ddFLN4) exhibits a peak unfolding force of 75 pN, whereas Cluster 1 (Titin I27)

peaks at 205 pN. The estimated contour length increases for ddFLN4 and Titin I27 are

approximately 20 nm and 28 nm, respectively. These align well with known reported

values. As the pulling speed increases from 500 nm/s to 2000 nm/s, the unfolding forces

for both clusters increase, while the contour length increases remain largely unchanged.

Along with the representative force-extension curves shown in Figure 4.8b, these re-

sults demonstrate that our method successfully identifies heterogeneous domains and

accurately attributes them to ddFLN4 and Titin I27.

Natural proteins: Utrophin and Dystrophin

Consistent with the trend observed for ddFLN4–Titin I27, all dystrophin and utrophin

constructs (insect UtrNR3, bacterial UtrNR3, and DysNR3) exhibit peak Silhouette

scores of at least 0.61 at K = 2 (Table 4.3). This consistent trend, along with the

known structural distinction between the NT domain and the SLRs (the NT domain

contains roughly twice as many amino acids as a typical SLR), allows us to safely assume

that cluster 0 corresponds to the SLRs and cluster 1 to the NT domain. A difference in

contour length increase of approximately 35 nm is expected between the two clusters,

with further justification provided in the following.

The NT domain is assumed to be structurally distinct from SLRs, as it contains

roughly twice the number of amino acids as a single SLR domain [14]. Each SLR

typically adopts a triple α-helical bundle conformation with an approximate folded

length of ∼6 nm of folded length [53, 121], while the folded length of the NT domain

is estimated to be ∼12 nm [54]. The theoretical contour length increase (∆Lc) upon

unfolding of a domain can be calculated using the equation [122, 80, 6]

∆Lc = (0.365 nm/AA)× (No. of AAs in the domain)− Lf , (4.10)

where 0.365 nm/AA is the approximate contour length per amino acid in a fully ex-

tended polypeptide chain, and Lf is the folded length of the domain. Thus, the expected

difference in contour length increase between the NT domain and a single SLR is approx-

imately 35 nm. This estimate arises from the NT domain having roughly 120 additional

amino acids (0.365 × 120 = 43.8 nm) compared to an SLR, minus an estimated 6 nm
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increase in folded length, yielding a net difference of ∼35 nm.

a

b

c

Figure 4.9: Results of natural protein molecules. Clustering statistics at 1000 nm/s for

(a) DysNR3, (b) Bact UtrNR3, and (c) Insect UtrNR3.

The analysis pipeline follows the same procedure as described for ddFLN4–Titin

I27. Clustering statistics at a pulling speed of 1000 nm/s are presented in Figure 4.9

for DysNR3, bacterial UtrNR3, and insect UtrNR3, from top to bottom, alongside

representative force-extension curves. Results for 500 and 2000 nm/s are provided in
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Figure 4.12. Across all pulling speeds and constructs, Cluster 1 consistently exhibits

higher contour length increases ∆Lc and higher unfolding forces compared to Cluster

0. This observation supports our assumption that Cluster 1 corresponds to the NT

domain, while Cluster 0 represents the SLRs. The difference in ∆Lc between the two

clusters is at least approximately 18 nm across all speeds and constructs. For DysNR3,

the most probable unfolding force differences between clusters are 68 pN at 500 nm/s, 91

pN at 1000 nm/s, and 73 pN at 2000 nm/s. Furthermore, unfolding forces increase with

higher pulling speeds across all three constructs, consistent with biophysical behavior.

4.7 Discussion and Conclusion

In this study, we provide the first automated approach for identifying heterogeneous

domains, leveraging both existing clustering models and a novel physics-aware deep

clustering architecture, LatentUnfold. We validate our method on a synthetic protein

composed of two well-characterized domains, showing that the recovered mechanical

properties closely match previously reported values. We also apply our approach to

natural proteins, utrophin and dystrophin, successfully uncovering heterogeneous do-

mains exhibiting distinct mechanical behaviors. This facility enables drawing biological

inferences that account for the impact of heterogeneity, beyond what was previously

possible through an average sense.

4.8 Supporting Information

4.8.1 Pre-processing of experimental data

Because the size of a typical force probe is orders of magnitude larger than that of a

single biomolecule, it may come into contact with one or more molecules during an ex-

periment. To reduce the likelihood of multiple molecule interactions, the concentration

of biomolecules is typically lowered [3, 38]. However, this introduces a trade-off: while

lower concentrations reduce multi-molecule events, they also increase the frequency of

measurements with no molecular interaction. To obtain accurate and interpretable data

from single-molecule force spectroscopy (SMFS), it is essential to exclude traces aris-

ing from both cases—those containing only background noise due to the absence of a
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molecule, and those involving multiple molecules, which introduce confounding inter-

pretation.

To ensure data quality in experimental data, we employed a three-step filtering

process. First, we apply a physics-augmented deep learning model [119] to pre-filter ex-

perimental data and identify those most likely originating from single-molecule measure-

ments. Although deep learning models are not perfectly accurate, this initial screening

substantially reduces the number of traces requiring manual inspection. Although deep

learning models are not perfectly accurate, this initial screening substantially reduces

the number of traces requiring manual inspection. Next, an expert manually reviews

the pre-filtered dataset to remove any remaining traces that do not conform to expected

single molecule behavior. The combination of deep learning-based preselection and ex-

pert validation ensures that the final dataset consists of high-confidence single-molecule

measurements. Finally, we filter unfolding segments based on their fitting quality to

the worm-like chain (WLC) model. Unfolding segments are first identified by detecting

characteristic peaks in the force signal that exceed a threshold of 3σ, where σ is the

standard deviation of noise. The first and last significant events typically arises from

adhesive forces and detachment events, respectively, as described in Section 4.3, these

are excluded from further analysis. The remaining significant peaks are interpreted as

domain unfolding events of interest. These segments are then fitted to the WLC model,

as defined in Equation 4.5, and only those with high fitting quality are retained for

downstream analysis.

4.8.2 Robustness across top-performing models

We applied five top-performing clustering algorithms—LatentUnfold(CNN-LSTM), La-

tentUnfold(LSTM), K-means(DTW), K-medoids(DTW), and MLP-AE—independently

to the experimental dataset. As shown in Figure 4.10, the predicted distributions of

unfolding force and contour length increase are highly consistent across these models.

Furthermore, the level of disagreement in predicted cluster labels, when compared to

LatentUnfold(CNN-LSTM), remains relatively low. These findings support the conclu-

sion that our clustering framework yields robust and consistent results across different

algorithms, even in the absence of ground truth labels.
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Figure 4.10: Clustering statistics of ddFLN4–Titin I27 across three pulling speeds: 500,

1000, and 2000 nm/s (from left to right). Dots indicate the most probable values, with

error bars representing standard deviations. The first row shows the unfolding force

distributions; the second row shows the contour length increase distributions; and the

third row presents mismatch ratios, computed by treating the predicted labels from

LatentUnfold(CNN-LSTM) as the reference and comparing them against those from

the other algorithms. Mismatch ratios are shown in black.
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Figure 4.11: Silhouette score vs number of clusters for all four protein molecules:

ddFLN4-Titin I27, bact UtrN-R3, insect UtrN-R3, DysN-R3.
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Figure 4.12: Clustering statistics at 500 nm/s for (a) DysNR3, (b) Bact UtrNR3, and

(c) Insect UtrNR3, and at 2000 nm/s for (d) DysNR3, (e) Bact UtrNR3, and (f) Insect

UtrNR3. The first column shows representative force-extension curves with color-coded

segments by predicted cluster labels. The second column displays the unfolding force

distributions, and the third column presents the distributions of contour length increase

(∆Lc). Cluster 0 is shown in blue, Cluster 1 in orange, and the combined distribution

is shown in red.



Chapter 5

Conclusion and Discussion

In this dissertation, we studied mechanical properties of protein molecules through

rigorous single molecule force spectroscopy (SMFS) experiments and the development

of deep learning methods. SMFS provides unparalleled insight into how proteins respond

to mechanical force at the single molecule level, revealing their functional roles in health

and disease. Deep learning methods, in turn, address the complexity, heterogeneity, and

scale of SMFS data, enabling more efficient and biologically meaningful interpretation.

Together, these experimental and computational approaches form a complementary

framework that advances the understanding of protein mechanics.

First, we presented the mechanical characterization of full-length dystrophin and

utrophin using atomic force microscopy. This study provided the first mechanical char-

acterization of single full-length dystrophin molecules using two operational modes of

atomic force microscopy (AFM); constant speed and constant force. The consistency of

results across two operational modes, further corroborated by Monte Carlo simulations,

underscores the reliability of the data. Our direct in vitro comparisons of Dys and Utr

suggest different in vivo functions. Notably, although the early unfolding behaviors of

Dys and Utr are similar, significant differences arise during the later unfolding events.

Given the central role of dystrophin in Duchenne muscular dystrophy (DMD), these

findings raise important implications, suggesting that utrophin may not be an ideal

therapeutic surrogate for dystrophin deficiency in DMD.

Second, we applied existing deep learning models and developed a physics-augmented

118
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deep learning model for SMFS data identification. This approach effectively filters ad-

missible single molecule data from experiments (distinguishing them from no molecule

and multiple molecules events) without requiring expert knowledge. The proposed

model also reduces the reliance on manual inspection, paving the way for faster and

more consistent analysis of SMFS data. Additionally, this work provides SMFS ex-

perimental datasets from four important protein molecules, crucial to many biological

pathways, which are made publicly available to support further research.

Third, we introduced the first automated approach for identifying heterogeneous

protein folding domains in SMFS data, leveraging both existing clustering models and a

novel physics-aware deep clustering architecture. Unlike traditional approaches that rely

on drawing inferences in an average sense, this framework enables domain-level inference

and and accounts for the impact of heterogeneity. Validation with a synthetic protein

composed of two well-characterized domains confirmed that the recovered mechanical

properties closely match previously reported values. Application to natural proteins,

dystrophin and utrophin, further demonstrated the ability of the method to uncover

heterogeneous domains with distinct mechanical properties.

Several avenues exist to further extend the work presented in this thesis. One promis-

ing direction involves the use of chemical functionalization of probes in combination with

molecular fingerprints. Chemical functionalization alters the surface properties of the

force probe and substrate, enabling site-specific attachment of target molecules. Molec-

ular fingerprints are well-characterized proteins or domains that exhibit distinct and

reproducible unfolding signatures. Incorporating such fingerprints into SMFS trials can

provide an internal reference, improving the reliability of single molecule identification

and distinguishing them from multi-molecule interactions. Another important direction

lies in applying deep learning to investigate domain-domain interdependencies in pro-

teins. Since protein domains are connected in chains, the unfolding of one domain may

influence the stability and behavior of others. Understanding these interdependencies

represents a critical step toward linking molecular mechanics with its biological function.

In summary, this dissertation demonstrates that both experiments and deep learn-

ing methods together provide a powerful and complementary framework for studying

the mechanical properties of proteins. Together, these approaches strengthen our un-

derstanding of protein behaviors while enabling more efficient analysis.
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