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Abstract

Nanofluidic Scattering Microscopy (NSM) is a label-free technique that allows the
simultaneous measurement of molecular weight and size of single molecules and
nanoparticles flowing through a nanochannel. Assuming free diffusion, the diffusiv-
ity coefficient derived from the trajectory of a particle can be utilized to determine
its hydrodynamic radius via the Stokes-Einstein relation. However, non-specific
atractive interactions between biological nanoparticles and the inner walls of the
nanochannel, known as biofouling, immobilize the particle, invalidating the assump-
tion of free diffusion and making impossible to accurately determine the particle
size. This study introduces a computational method to detect biofouling in NSM,
based on the statistical analysis of instantaneous kinetic energy in discrete Brown-
ian motion. The method sets a probability threshold to either accept or reject the
hypothesis of free diffusion, allowing for the exclusion of biofouled segments from
diffusivity calculations, thereby enhancing the accuracy of hydrodynamic radius de-
termination.

Keywords: Nanofluidic scattering microscopy, biofouling, Brownian motion, hydro-
dynamic radius, computational algorithm
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Aim

The aim of this master thesis is to study the physical principles of Nanofluidic
Scattering Microscopy (NSM), focusing on Rayleigh scattering theory and Brown-
ian motion. It is intended to identify current challenges in NSM, and determine
possible solutions post experimentum with new methodologies. Such methods shall
be derived from first principles and implemented in computational algorithms in
MATLAB to integrate the routines to current NSM software developed and used
by Envue Technologies. Lastly, the algorithms should be applied on simulated and
real experimental data to evaluate the performance and improvements, and after de-
termining limitations, the algorithms shall be integrated into current data analysis
methods applied by a cutting-edge, real-world biotech company.
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Introduction

We live in a world where the miniaturization of technologies permeates almost every
aspect of human life. Over 6 decades ago, Richard Feynman delivered his renowned
lecture titled "There’s plenty of room at the bottom" at Caltech [1, 2], in which
he imaginatively envisioned the potential of manipulating matter down to atomic
scales. Although there has been extensive debate regarding whether Feynman’s
assertions contributed to the actual development of what is presently known as
nanoscience and nanotechnology|[3, 4] his prophetic vision resonates each time we
use our electronic devices utilized for professional and recreational purposes, the
sports apparel crafted from engineered textiles, in the paints, polymers, and plastic
coatings found in both industrial and domestic environments, and prominently
in the pharmaceutical realm, where a vast collection of specialized tools and
methodologies are employed, ranging from the production of basic analgesics to the
development of the Nobel Prize-winning mRNA vaccine, which was indispensable
in addressing the recent global COVID-19 pandemic [5].

Technologies based on nanoparticles!!! require precise methods to measure particle
size and molecular weight, as their physicochemical properties are strongly depen-
dent on particle radius. For instance, the catalytic activity of Au nanoparticles
is determined by their particle radii [6], due to their high surface-to-volume ratio
compared to its macroscopic counterpart. Similarly, size also plays an important
role in the cytotoxicity of most nanoparticles when in contact with biological
tissues [7, 8]. In the field of biomedicine, biomarker detection is essential for disease
monitoring, early diagnosis, and the evaluation of therapeutic responses [9]. High
molecular weight biomarkers, such as ferritin, responsible for iron storage and
transport in blood [10], and adiponectin, which is crucial for glucose regulation,
lipid metabolism, and insulin sensitivity [11, 12], are commonly examined. In
general, the analysis of biomarkers is fundamental to evaluate the general health
condition of patients. Since each biomarker has a specific range of sizes and
molecular weights, the use of precise and accurate analytical instruments is critical,
for which a collection of spectroscopy and microscopy techniques has been adapted
and adopted in molecular biomedicine and other related fields.

Over the past decades, innovations in microscopy techniques have significantly
driven progress in the elucidation of governing mechanisms of biological events at
the cellular level and beyond. A stellar example is the historic breakthrough of

MParticles whose typical radii span from 1 to 1000 nm.



1. Introduction

Watson and Crick’s realization of the 3D double helix DNA structure, significantly
aided by Rosalind Franklin and Maurice Wilkins’ X-ray crystallography images
[13, 14], a technique considered by some as a historic precursor of modern electron
microscopy. A decade later, the first visualization of the ribosome was achieved
by George E. Palade using electron microscopy [15]. Both discoveries mark
significant milestones in our understanding of molecular biology, windows to look at
life at its fundamental level, for which they were both awarded Nobel Prizes [16, 17].

Why single-molecule and label-free experimental techniques
matter?

In scientific research on nanoparticles and biomolecules, the degree of our under-
standing is often dependent on the methods we use to study complex systems.
Traditional approaches that focus on measuring bulk or average properties can
sometimes lead to misleading conclusions, as they overlook the unique behaviors of
individual components within a system. This challenge is particularly evident in
molecular biology, where single-molecule experiments have emerged as a powerful
tool to reveal the intricate dynamics that are hidden in studies of entire populations.
By examining individual molecules, these experiments provide a deeper and more
accurate insight into the fundamental processes that drive life at its most basic level.
Imagine trying to understand the performance of a symphony orchestra by only
measuring the average volume of sound produced during a performance. Although
this bulk measurement might give you a general idea of the overall intensity, it
would completely miss the intricate dynamics of individual instruments, the subtle
nuances of solos, and the unique contributions of each musician. Similarly, in
molecular biology, studying only the average properties of a large population of
molecules can obscure the critical behaviors and interactions of individual molecules.
This is why single-molecule experiments are crucial as they allow us to uncover
the unique characteristics and behaviors that are often hidden in bulk measure-
ments, providing a more accurate and detailed understanding of biological processes.

This project was carried out in collaboration with Envue Technologies, a start-up
company located in Gothenburg, Sweden, which holds the patent for Nanofluidic
Scattering Microscopy technology and is actively engaged in its ongoing develop-
ment.
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Theoretical background

Nanofluidic Scattering Microscopy (NSM) is a microscopy method™ that enables
the detection of nanoparticles and the simultaneous determination of their individ-
ual size and mass, without the need of any labelling technique. In principle, NSM
can perform individual detection and measurement of any polarizable nanoparticle.
However, in recent decades, there has been a strong interest in single-particle mea-
surements of biomolecules, prominently in the field of nanobiomedicine [18]. For
this reason, NSM has been mainly applied to study biological particles, including
proteins, lipids, DNA and lipid nanoparticles. The physical foundations and ex-
perimental implementation of NSM were elucidated and published by Spackova et
al.[19] in 2022. A short description of the setup, as well as the working principles
will be outlined in this chapter.

2.1 NSM platform

NSM depends on three major physical components: 1) A nanofluidic chip, 2) A con-
trollable visible light source, and 3) A dark-field microscope equipped with a high
speed camera. This physical setup will be portrayed shortly (see Fig. 2.1). There-
after, we will center our attention on the physics of light scattering. An additional
(non physical) component is the custom software for data analysis a posteriori [19,
Sup. Info.], which will be explained in Chapter 3:Methods.

2.1.1 Nanofluidic chip

The NSM platform consists of a chip based on a homogeneous and optically trans-
parent matrix (usually SiOs), in which very narrow channels are fabricated. Since
the cross-sectional dimensions of the channels fall in the range of 1-1000 nm, they
receive the name nanochannels. These nanochannels are filled with a fluid (usually
water or water-based buffers) and, by controlling the pressure difference between
the ends of the nanochannel, and knowing the cross-sectional area, the flow velocity
can also be controlled, hence, the name nanofluidic. There are numerous methods
to fabricate nanofluidic channels [20]. Chemical etching is commonly used due to its
practicality, scalability, and cost effectiveness compared to nanolithography meth-
ods [21]. However, for the purposes of NSM, reactive ion etching is favored due to
the ability to achieve precise patterns and resolutions of tens of nanometers [22].

[MSince the range of applicability is tipically 1-100 nm, NSM is, strictly speaking, a nanoscopy
technique.



2. Theoretical background

Maintaining a constant, well-defined cross-sectional area of the channel is desirable
for NSM, as we will learn in the following sections. A small volume of a diluted
sample containing the biomolecule(s) of interest is administered into the nanofluidic
chip for subsequent analysis.

Camera

d|c chip

+ biomolecule

Figure 2.1: Illustration of the NSM setup. A laser beam is pointed to the nanoflu-
idic chip containing the biomolecule to analyze. The system scatters light according
to Rayleigh Scattering regime. The scattered light is collected and digitized by
camera equipped with an objective placed near the chip. Thereafter, the signal is
processed with custom software, yielding to the determination of particle radius and
molecular weight of single molecules.

2.1.2 Laser

A collimated light beam is directed at the nanofluidic chip to provoke the nanochan-
nel and biomolecule to scatter light. There is no need for a monochromatic laser, as
it will be shown that the working principle of NSM does not depend on the incident
wavelength. The light intensity is only controlled to improve the signal-to-noise
ratio.

2.1.3 Objective and camera

A dark-field microscope coupled with a high speed? CMOS camera is placed in the
proximity of the nanofluidic chip. The objective of the microscope amplifies the total
scattered light, and the camera captures and records the optical signal as a map of
intensity as a function of position and time, known as kymograph (see Fig. 3.1a).

2.1.4 Overview of an NSM experiment

Suppose that we have a sample containing biological nanoparticles (BNPs). These
samples are usually diluted in a water-based buffer such as PBS [23] with a refrac-
tive index similar to water [24]. A small volume of a diluted sample containing

RIEffective speed of camera is 100-200 frames per second in current NSM experiments. This
is fast enough to capture the Brownian motion of biomolecules, yet, each frame capture is long
enough to allow a sufficient exposure time.

4



2. Theoretical background

the BNPs of interest is administered into the nanofluidic chip. The fluid then
fills the interior of the channel, so the particles are free to move in the interior of
the channel. A laser of visible light is directed towards this optical system. An
dark-field microscope equipped with a high speed camera is placed near the chip
in such a way that it collects only the light scattered by the system, and not the
light coming directly from the laser. Since the wavelength of the visible light is
much larger than the characteristic lengths of the particle and the axial dimensions
of the nanochannel, the whole system will scatter light according to the Rayleigh
scattering regime, which will be explained with more detail in the following section.
The total scattered light results from the contributions of both the channel and
any particle inside the channel. Since we know the functional dependence of each
intensity component constituting the total intensity, we can subtract the effect of
the nanochannel from the total overall optical signal, isolating the optical signature
coming of the particle only. We will also see that the optical signature of an
individual particle contains valuable information which can be used to calculate its
size and molecular weight. Since the particles remain in their native state without
the need of any modification or selective binding to a surface, NSM is said to be a
label-free, single-molecule microscopy technique.

In the following sections, the derivation of a physical model of a nanochannel con-
taining a nanoparticle is presented. This will enable a experimental way to extract
the molecular weight and the size of a single particle from a kymograph.

2.2 Rayleigh scattering theory: Nanoparticle in-
side a nanofluidic channel

We start by assuming a biomolecule as an approximately spherical nanoparticle
immersed in a nanochannel, which we consider as an infinitely long!® cylinder of
cross-sectional area A. The dimensions of the particle are much smaller than those
of the channel. We model the incident laser beam as an electromagnetic wave with
wavelength A\ that interacts with the system. The wavelength of the incident light
is assumed to be much larger than the characteristic lengths of the system, that is,
VA/\ << 1and 2rR/\ << 1. This implies that both the cylinder and the particle
will scatter back the incident radiation following the Rayleigh scattering regime
[25—-27]. We can interpret scattered radiation as arising from radiating electric and
magnetic multipoles composing the scatering body [28]. In this regime, the phase
variation of the incoming electromagnetic wave across the surface of the scattering
body is negligible, so all the multipoles radiate back with the same phase, which
in turn facilitate calculations. The light scattered by a particle and a cylinder will

be derived below. Then, we will appropriately combine both effects to construct a
model for NSM.

BTt is obvious that in reality the channel has a finite length, but we consider it practically infinite
since it is several orders of magnitude larger than the wavelength A of the incident light.
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2.2.1 Biomolecule as a sphere-like dielectric particle

The power P, (in W) of the light scattered by a particle is proportional to its cross
section o0, and the intensity of the incident light I

P, = clyo, (2.1)

with the proportionality constant ¢ being the collection efficiency. The average cross
section for linearly dielectric, spherical, uniform particles in the Rayleigh regime can
be written as [26, p. 140]:

e [ (2.2)
op = « .
p 67T P
where k = %T” the wavevector inside the channel, n the refractive index of the

medium within the channel, and «, the polarizability of the biomolecule. We shall
interpret the polarizability of a particle as the propensity of its electron cloud to
be distorted due to the interaction with an electric field. This property enables
the electric field to interact with the molecule and therefore act on it. Now, the
polarizability of an isotropic sphere in a uniform electric field of wavelength much
longer than its radius R is given by [28]

|Qtsphere| = 47TR3;p+26€ (2.3)
in which the relative electric permitivities and the refractive indices for both the
medium and the molecule are related by € = n? and €, = nf,, respectively. If we
model the biomolecule as an isotropic ellipsoid with semi-axes a, b, c, we can write
its polarizability as [26, p. 153]:

| = n2 —n’ v n2—n
o s 3Lz —n?)  Pn2 + L(n2 — n?)

(2.4)

with V,, the volume of the ellipsoidal biomolecule and L being the depolarization
factor, that takes into account geometrical effects of the ovoid shape. For a perfect
1

sphere, a = b = ¢ = R and L = 3, which is in complete agreement with Eq. (2.3).

For ellipsoids, L ranges from 0 to %

By combining Egs. (2.1), (2.2) and (2.4) we observe that the intensity of light scat-
tered by the biomolecule is quadratic in its volume and quartic in the difference of
the squared refractive indices.

2.2.2 Nanochannel as a cylinder

In order to understand the light scattered by the nanochannel inside the nanofluidic
chip, we first study the scattering of a long cylinder. We consider a cylinder with
cross-sectional area A being irradiated with light of wavelength X, such as v/ A /A <<
1. This situation is well described by Rayleigh scattering theory. The problem
of a finite cylinder is not exactly soluble [26, p. 163], but becomes tractable if
assumed infinitely long. This assumption is supported by the fact that the length

6
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p-polarization

/ (parallel)
s-polarization

(orthogonal) o

Figure 2.2: Diagram of the optical system. A biomolecule, represented as a sphere,
is located inside a nanochannel, represented as a cylinder.

of the channel is several orders of magnitude larger than its axial dimensions, the
wavelength of the incident light, and the portion of the channel being irradiated.
With these assumptions in mind, the power P, of the light scattered by a segment
of length L of cross-sectional area A can be written in analogy to Eq. (2.1) as

P. = clyLo, (2.5)

where the scattering cross section of the cylinder, o, is now per unit length, and
depends on the polarizability of the channel «. as follows:

k3
Oc = ZO|Oéc|2 (2.6)

We notice that the wavenumber in question is now k,, which corresponds to the
wave propagating though the optically transparent matrix of the nanofluidic chip
but outside the nanochannel. Explicitly, for parallel and orthogonal polarization
[29], the polarizability of the cylinder reads:

Oécj|| = A‘m2 - 1’ (27)
m?—1
| = A (2.8)
or equivalently,
m?—1
= Al—— 2.9
“ 1+v(m?—1) (2:9)

in which we have defined m = n/n, as the ratio of the refractive index inside

7
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the channel n and the refractive index of the surrounding medium n,*, and the
parameter v containing the polarization characteristics:

L {0; for parallel polarization (2.10)

%; for orthogonal polarization

We have got an expression for the polarizability of a channel.

2.2.3 Biomolecule inside a nanochannel

Now it is time to combine what we have learned about light scattering by nanopar-
ticles and nanochannels. We emphasize our interest in describing the situation of
a nanofluidic channel containing a biomolecule, which is precisely the platform
of NSM. It is possible to use Mie theory to analytically solve a sphere inside a
cylinder[25-27], by expressing spherical harmonics in terms of cylindrical harmonics,
which involves expansions into Hankel functions and Legendre polynomials [30].
However, a much simpler approach will be considered to facilitate more tangible
conclusions later.

Over a century ago, Maxwell Garnett published a very elegant homogenization
theory [31, 32|, in which he extensively explored the modelling of dielectric
properties of a complex colloidal medium as a single homogeneous effective
medium, by considering the contributions of each species to the total dielectric
function. This enables a direct relation between microscopic (polarizability) and
macroscopic properties (dielectric function). A significant part of the mathematical
framework of Garnett’s idea relies on the Clausius-Mossotti relation (analog to the
Lorentz-Lorenz equation), which describes the relationship between the dielectric
function of a bulk material and the polarizability of its constituent molecules [33].
Essentially, it states that the overall dielectric function of a material is determined
by the volumetric average polarizability of its individual molecules. We recall
that the dielectric function is no more than the square of the refractive index, a
very familiar quantity at this point, which will function as a mathematical and
conceptual bridge to model the polarizability of the system composed by the
nanochannel containing a small nanoparticle.

Let neg be the effective (total) refractive index of the system constituted by the
channel containing the particle. Using the Clausius-Mossotti relation, this quantity
can be written as follows [19, Sup. Info.]:

2y ~ 2(1 + M’) (2.11)
1 —vpya

in which the volumetric density is defined as p, = N, /V. and represents the number

N, of particles of polarizability «, contained in a portion of the cylinder with volume

V. = A- L. Now we consider ar as the effective (total) polarizability of the system,

[The medium surrounding the nanochannel is precisely the material of the optically transparent
matrix of the nanofluidic chip, which is usually SiOs. The refractive index n in the interior
corresponds to the fluid filling the channel, which is usually based on water.

8
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which is essentially a modified version of the polarizability of the cylinder (Eq. (2.9)),
in which we replace the refractive index inside the channel to take into account the
effect of the scattering particle ( n — neg):

(neﬁ/no)2 -1 ‘
14 u<(neﬁ«/no)2 - 1)

For nanoparticles with low polarizability (such as biomolecules) that are sparsely
distributed in the nanochannel, and with a small difference in the refractive indices
inside and outside of the channel (n? —n2 << 1), Eq. (2.12) can be greatly reduced
to

(2.12)

o =

M(v)
jar] = loe] + 22 o, (213
In which we have defined the parametric function M(v) = m? — 2y(m2 — 1),
so M(3) = 1 for orthogonal and M(0) = n?/n2 for parallel polarization.

Equation (2.13) is a remarkable result; it states that the effective polarizability
reduces to a linear combination of the polarizabilities of the channel and the particle.

Now, in complete analogy with Eq. (2.6), the effective (total) cross section o7 of the
system can be written as

oT = ZO|O./T|2 (214)
and the total power of the light scattered by the system, Pr, can be written analo-
gously to Eq. (2.5) as

PT = CIOLO'T (215)

Additionally, if we combine Eqs. (2.13) to (2.15), we can explicitly write the total
scattering intensity power of the channel containing the particle:

Pr=cl,Lor
k3 M 2 2.16
— cL,L4°<\Oéc‘ + £y> ’ap|> (2.16)

Expanding the right side of the last equation, we can express the squared of each
polarizability in terms of the corresponding scattering power (|a?| oc P. and |a§| x
P,) by the use of Egs. (2.1), (2.2), (2.5) and (2.6). Moreover, if we assume that
we measure the power of light scattered by a portion of the channel of length L =
3nM(v)/2k, (which is at least 4 times larger than the incident wavelength), we get
an elegant equation that relates the scattering power of each contribution to the
total power Pr:

Pr = P.+ P, + 2 sign(n — n,)y/P.F, (2.17)

where we write sign(z) to denote the sign function, which extracts the sign of the
argument z = (n — n,), that is, the sign of the difference between refractive indices

9
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inside and outside the channel, which is contained in the expression for the polar-
izability of the channel. We recall that the scattering power, which is proportional
to the cross section, scales with the squared volume of the corresponding scattering
body. Since the volume of the channel is much larger than that of the particle,
the scattering power of the channel is going to dominate strongly over that of the
particle (P. >> P,), thus, the sole contribution of P, will be practically negligi-
ble. Furthermore, in NSM experiments, the nanochannel is filled with water-based
buffers (n ~ np,0 = 1.33) and the chip is fabricated in SiOy (n, = nsio, = 1.46), so
we can finally write the total power as

Pr— P~ —2/P.P, o |ac|ay| (2.18)

Even though the scattering power of the particle alone is negligible compared to
that of the channel, the difference in scattering power of the channel containing
the particle and that of the empty channel still gives a non-negligible scattering
contribution arising from the particle via a coupling ! term of the form |a.||ay,|.
In the next section it will become evident why we are interested in the difference of
light scattered by the nanochannel containing a particle and the nanochannel alone.

We summarize the learning outcomes of this section as follows:

1. The power of light scattered by some scattering body is proportional to the
square of its volume.

2. Detecting the power of light scattered by an individual nanoparticle is chal-
lenging due to their small size.

3. The difference between the power of light scattered by a nanochannel con-
taining a particle and that of the nanochannel alone results in a non-zero
contribution, which arises from the interaction between the particle and the
channel.

It is pertinent to emphasize that (2.18) is only valid for the particular case of L =
3nM(v)/2k,, an assertion that holds only if we measure the total scattering power
of a region of this specific length. However, since power is linearly proportional to
intensity, this equation suggests that the difference in scattering intensity might also
be connected to the polarizability of the particle. This idea will be explored in the
next section, as it will be shown that the polarizability of a particle is in fact closely
connected to the its molecular weight under appropriate conditions.

5]This coupling term is often called interference term.

10
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2.3 Determination of molecular weight and size

In the last section it was shown that the difference in measured scattering power
between the channel-particle system and the empty channel is directly proportional
to the polarizability of the particle (Equation (2.18)). However, such result is valid
only for a specific length of the portion of the nanochannel. Below it is presented a
similar relation which overcomes this limitation by defining a measurable quantity
called integrated optical contrast (i0C).

2.3.1 Mass and integrated optical contrast (iOC)

We consider the intensity profile of the channel and the total system as I.(x) = cl,0,
and I;(x) = cl,oy, respectively, which is already integrated along the radial axis of
the nanochannel. The integrated optical contrast (10C) is defined as [19]:

LJ — 1.

i0C = / (@) = L), (2.19)
0 I.(x)

iOC represents an integrated value of the difference in intensities of scattered light

normalized by the scattering intensity of the empty channel. With fOL Ir(z)dr =

cLlyor, the last integral results in

i0C = L(UT . 1) (2.20)

o
and substituting the scattering cross sections calculated in Egs. (2.6), (2.13)
and (2.14) we can express the i10C in terms of the relative polarizabilities of the
channel and the particle

2
, « M(v,) |«
i0C = 2M (v,) ’|a”|| + L( <L”) :@p") (2.21)

Since the polarizability is proportional to the volume, and the particle has a volume
much smaller compared to that of the channel, the polarizability of the channel
dominates strongly, so we can safely drop the squared term and reduce the last
equation to

2M (v,)

iOC ~ || (2.22)

el

Substituting || (from Egs. (2.6) and (2.9)) and recalling M (v,,) = m2+2yp<1—m2)

with m = n?/n2, we can simply write

i0C = "Zp) oy (2.23)

with n(v,) given by

(2.24)

A1) {2n2/(n2 — ng), for orthogonal polarization (v, = 1/2)
n(v,) =

<n2 + n?)) / (n2 — ng), for parallel polarization (v, = 0)
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2. Theoretical background
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Figure 2.3: Illustration of (normalized) differential intensity along a nanochannel.
Here, a particle is placed at = Oum, where the differential intensity has an mini-
mum. iOC is the shaded area in yellow, defined as the area under the curve of the
differential intensity. The optical signature of a biomolecule alone is hardly measur-
able, but can be inferred through the normalized difference in scattering intensities.

Note that both values of n(1,) are negative since the refractive index of the optical
matrix n, is greater than the refractive index n of the fluid in the interior of the
channel. For unpollarized light, we simply take the average of n(v,) as

~ ~n(0)+a(3)  3n*+n?
(n(vp)) = 5 = 2(n2 - ng) (2.25)

and substitute in Eq. (2.24)

3n? +n2

B 2A(n2 — n2> il

o

~

o0 _ ()

(2.26)

Eq. (2.26) is a simple, linear, yet powerful relation that allows us to directly measure
the polarizability of a single nanoparticle by measuring the normalized difference in
intensity of the scattered light. In the following subsection, it will be shown that
the polarizability of a particle is directly connected to its mass.

2.3.1.1 Polarizability, refractive index, and protein concentration: Con-
necting the dots

Now we intend to relate the polarizability of a nanoparticle with its mass. We
will consider the case of proteins, since we are particularly interested in measuring
biomolecules.

It is well known that the refractive index nyp,,; of a protein solution varies linearly
with respect to concentration ¢, [34-36], which can be written as

12



2. Theoretical background

dn A
prot —1

on the other hand, we can use the Maxwell Garnett s mixing formula [33, Eq. 24]
to write the refractive index of the solution as

2 2 | po
Moot == 10 (1 + - Iappv) (2.28)

3n2
in which n is the refractive index of the medium (usually water), |a,| the polariz-
ability of the protein and p, = N/V the number of molecules N in a volume V. The
concentration of protein is linearly proportional to its molecular weight MWW and
the volume density it occupies, following ¢, = MW - p, /N4, with N4 the Avogadro’s
constant, so the differential operator d/dc, becomes

d Ny d

de, ~ MW dp,
which means that the rate of change in concentration is linearly proportional to the
rate of change in density. Now, by assuming high dilution (|a,|p, << 1) we can
write the Taylor expansion for n,,.,; up to first term and substitute it in Eq. (2.27)

dnpmt N A d
= 5 Nprot
dce, MW dp,

Ny d |ap|pv 2
~ i n(l +12 1 O(jagle)” + ) (2.29)
N la,| nNa
MW 2
we group all the constant terms into a constant a’, defined as
2 dn K’
! prot
= ———F— =0462— 2.30
¢ Nan dc, Da (2:30)

therefore we can corroborate that the polarizability is linearly proportional to the
molecular weight:

| =d' - MW (2.31)

lastly, we express the polarizability in terms of iOC by using Eq. (2.26) and write
the molecular weight as follows

A
MW =i10C———, (2.32)
(n(vp))a
We finally arrive at the following conclusion: The molecular weight of an indi-
vidual biomolecule is proportional to the iOC [ which can be measure with an

[6INote that this relation is not only valid for proteins, but for any diluted species in which the
rate of change in refractive index with respect to concentration is constant (Eq. (2.27)).
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2. Theoretical background

optical device. The factor (n(v,)) captures the optical properties of the media by
taking into account the refractive indices, and A is the cross-sectional area of the
nanochannel. «’ captures the change rate in refractive index of a protein solution
as its concentration varies, which is a well known quantity. All of these parameters
can be either tuned or measured a priori. Now we have the framework to make
single molecule measurements of mass.

The second stellar feature of NSM is the ability to estimate the size of a single
particle, which is done by performing a statistical analysis of its trajectory. The
next section will describe the relation between a trajectory and the size of a particle.

2.3.2 Particle size and diffusivity

Provided with an efficient particle tracking algorithm[19, 37], it is possible to extract
trajectories of individual molecules from a kymograph (see Fig. 3.1a). Having a
trajectory enables the possibility to perform statistical analysis and determine the
rate at which a particle diffuses, which happens to be dependent on its size. This is
done by the calculation of the diffusion coefficient or diffusivity, and its relation to
the particle size via the Stokes-Einstein relation, which will be described below.

2.3.2.1 Brownian motion as a Wiener process

We consider a biomolecule diffusing in a nanochannel. The channel is filled with
some fluid at room temperature, which at a molecular level, is a highly dynamic
environment. The biomolecule is assumed to be larger than the constituent
molecules of the fluid. We know that the temperature of the fluid is a measure of
the average kinetic energy of its constituent molecules [38, p. 198], which on average
move very fast and collide with each other at random!”. Each of these elastic
collisions transfer linear momentum to the biomolecule. After some finite time At,
the biomolecule will be displaced by some distance Az. Since this displacement is
the result of the sum of a myriad of random collisions, by the central limit theorem
we are safe to assume that Az will follow a Gaussian distribution [40, p. 276].
Mathematically, this behaviour is well understood via a Wiener process, which is a
fundamental, well-studied stochastic process [40], whose very useful properties will
be discussed below.

We denote the position of a particle at a given time by x(t). At each time increment
dt, the particle exhibits a displacement dx given in general by:

dx = adt + bdW (2.33)

in which a represents a drift rate, b? is the variance rate and dW is a differential
increment of the Wiener process W, a random variable that follows a Gaussian
distribution centered at zero with linearly increasing variance ¢, which is also

[MWater molecules at room temperature collide with each other about 60 billion times every
second [39, p. 107].
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common to write as N(0,t).

Without loss of generality, we can redefine the net displacement as dX := dx — adt
and use the self-similarity properties of W [40, p. 525] to rewrite Equation (2.33) as

dX = bVdt - N(0,1) (2.34)

the mean squared displacement in infinitesimal form reads

dX2 = bdt (2.35)

integrating with respect to time and setting X (0) =0

X2(t) = b*t (2.36)

which is equal to the variance of position Var [X (t)} (39, p. 116]

Var| X (t)] = X2(t) = b (2.37)

In this formulation, the diffusion coefficient is equal to half the rate at which the
variance of particle location changes over time [39, p. 115]:

D= Var X (t)] (2.38)
for discrete time series, dt — At and dX — AX, which allows us to write

_1AX?

D==
2 At

(2.39)

Moreover, when analyzing real trajectories, we have to take into account that every
frame is collected by a physical camera sensor, which captures light over some finite
time interval and combines it into a single time frame, thus, smearing out the image
of a moving object, which is known as motion blur. We use the covariance-based
estimator to account for the motion blur and the localization error [41]:

1(AX,)?  AX,AX,
D_§ At At

(2.40)

In the last equation, the (...,) symbol denotes averaging over all the time series
points n = t,,/At. The second term is related to the covariance Cov(AX,,, AX,_1),
which approaches to zero when motion blur is not present and the localization error
is zero, thus coinciding exactly with the analytic result from Brownian dynamics
(Eq. (2.39)). The last equation gives a simple way to compute the diffusion
coefficient of single particles provided with their trajectory.
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2. Theoretical background

2.3.2.2 Diffusion coefficient and hydrodynamic radius

The diffusion coefficient D of the biomolecule is related to its hydrodynamic radius
R, according to the Stokes-Einstein relation

kgT

67N R

where kp is the Boltzmann constant, 1" the temperature, n the dynamic viscosity of

the surrounding fluid and K is the hindrance factor [42], an empirical quantity that

takes into account particle-wall hydrodynamic interactions and steric restrictions.

The hydrodynamic radius R, shall be interpreted as the radius of a hard neutral
sphere which moves with diffusivity D.

D=K

(2.41)

The hindrance factor K = K () can be defined as [42]:

K(A) = (149X In(A\/8)—1.56) + 0.53\% + 1.92X* — 2.81\"+

0.27X° + L1A® — 0.44\7) /(1= )?) (2.42)

where A = R,y/m/A, and A the cross sectional area of the channel. The hindrance

factor monotonically decreases as A increases (Fig. 2.4), due to A approaching to 1
means that the particle’s cross section is approaching that of the nanochannel, which
results in an increasing hindrance in its freedom of movement, hence the name. For
the same reason, the range of X is from 0 to 1.

X 08!
S
[&]
806
[0]
[&]
S 04|
S
C
£0.2
0 L I | —
0 02 04 06 08 1

A

Figure 2.4: Hindrance factor as a function of A = R,\/m/A. The monotonical
decrease with A\ corresponds to an increasing confinement effect; the motion of the
particle becomes more constrained due to steric restrictions and particle-wall hydro-
dynamic interactions.

Having explored the theoretical aspects of Rayleigh scattering and the link between
iOC and mass, along with the relationship between diffusion and particle hydrody-
namic radius in some detail, we can now turn our attention to identifying common
limitations of NSM and discussing how the theory can be expanded to address these
challenges.
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2. Theoretical background

2.4 Common problems in NSM

The scope of this work is to find challenges in NSM which can be overcome with
new data analysis algorithms a posteriori, that is, after the experiment has been
performed. Two main difficulties were identified in NSM experiments: Biofouling
and optical fringes. These phenomena are unrelated, thus, it is possible to treat
them independently. Both cases are described below.

2.4.1 Biofouling

In experiments involving biomolecules flowing through micro and nanofluidics,
particles may suffer an attractive interaction with the surface of the nanochannel
(commonly made of SiOs) thus getting immobilized for some time. This receives
the name of biofouling [43]1¥l. This is particularly common when working with
proteins. At a fundamental level, the explanation of this phenomenon is based in
part on Van der Waals and electrostatic interactions between the particle and the
inner walls of the channel. A characterization (and quantification) of such forces
was firstly introduced by H. C. Hamaker in his acclaimed article from 1937 [44],
in which he calculated Van der Waals interaction constants considering different
geometries and dimensions. However, more recent and comprehensive studies have
revealed that hydrophobic interactions play a major role in protein aggregation and
adsorption [43, p. 68-76], being highly dependent on pH. When a protein adsorbs
onto a surface, it unfolds and eventually undergoes denaturation. This can cause
more proteins to aggregate near the inner wall of the nanochannel in a cascading
effect.
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Figure 2.5: Kymograph from real data of a ferritin sample with evident biofouling.
Each particle gets immobilized when diffusing through the channel, reason for which
the trajectories appear horizontal (constant position over time).

Biofouling causes many problems in measurement instruments, such as reduced
device sensitivity, decreased detection limits and a lower device lifetime [43].

[81Tn fact, this is not restricted to micro and nanofluidics, but any time a surface is in contact
with a fluid containing biological particles, regardless of scale or geometry, such as naval ships or
drainage systems.
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In NSM and other similar techniques, the particle size is calculated based on its
trajectory following free diffusion. Since biofouling prevents a particle to undergo
free diffusion, the particle size cannot be estimated. Therefore, it is imperative to
reduce biofouling and prevent it from affecting the calculation of diffusivity.

It is crucial to understand the nature of the interactions that cause biofouling in
order to apply the most effective solution. Nanofluidic chips are usually fabricated
in SiO,, which in water is negatively charged due to the formation of silanol
(Si—OH) groups that tend to deprotonate at pH higher than 2 [45]. Nucleic acids
in DNA and RNA are negatively charged [46], so they will be naturally repelled by
the walls of the channel. However, proteins can acquire positive charge in solution,
depending on the content of ionizable groups and their pKa values!®l [47]. This
yields to an electrostatic attractive force, which partially explain why proteins are
more prone to biofouling.

Various techniques can be applied to the nanofluidic chip to mitigate the previously
mentioned effects. The simplest method is hydrodynamic actuation, which involves
creating a pressure differential between the ends of the nanochannel to generate
a net flow. Adding salts to the fluid can reduce electrostatic interactions through
charge screening [48]. Additionally, surface modifications with PEG (polyethylene
glycol) can decrease hydrophobic interactions between proteins and the inner wall
of the channel. Nevertheless, modifying the inner surface of a nanochannel remains
challenging, resulting in poor surface coverage and thus limited effectiveness of the
surface passivation method. Therefore, at the level of data analysis, it is essential
to take into account that trajectories might exhibit some degree of biofouling even
when surface passivation has been implemented, for which as method is proposed in
Section 3.2.

2.4.2 Optical fringes

While this work primarily addresses the Rayleigh approximation for light scattering
because the particles measured in NSM are significantly smaller than the laser
wavelength, there is a scenario where Mie scattering effects could be significant in
experiments, specifically when the particle diameter approaches 100 nm and higher;
the size of typical lipid nanoparticles (LNPs)[49].

When a particle of radius r gets irradiated with light of wavelength A comparable
to its radius (r ~ A), the assumption of Rayleigh scattering no longer holds. This
means that the phase variation of the wave across the volume of the particle is no
longer negligible, thus, the electric field is not uniform. In this case, the particle
scatters light in a way described by the Mie scattering theory[50] ') In this regime,
the resulting scattered wave is no longer symmetric with respect to the scattering

BlpKa value is an acid dissociation constant which depends on structure and pH.
[19]The solution of Maxwell’s equations for a spherical system involves a rather complicated series
expansion into Hankel functions, which renders impossible to draw a simple, linear relation between
iOC and molecular weight.
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Figure 2.6: Optical fringes from a fragment of experimental kymograph of a mea-
surement of LNPs, with diameters ranging from ~50nm to ~150 nm. Alongside
the trajectories of big particles (thicker, darker trajectories), there is an adjacent,
dimmer trajectory, which might be caused by Mie scattering since the size of the
particle is comparable to the wavelength of the laser of visible light.

center (see Figs. 2.7 and 2.8), which shows as a characteristic optical fringe pattern
in NSM. This pattern arises from the interference of the scattered light, and appears
like ripples in intensity attenuating with the distance from the center of the particle
(Fig. 2.6). These intensity oscillations are called optical fringes. Strictly speaking,
they extend to infinity, but in reality only a few are detectable above the intrinsic
noise level of the system. The distance between the optical fringes is constant during
the experiment, because the optical system is in principle operating in stationary
state and the interference pattern does not depend on the position of the particle
(1 The intensity of the optical fringes also decreases monotonically with distance.

Rayleigh Scattering Mie Scattering Mie Scattering,
Larger Particles

=——————p Direction of Incident Light
g Direction of Backscatter

Figure 2.7: Schematics of the intensity and direction of propagation of scattered
light. The incoming light comes from left to right. Note that for Rayleigh scattering,
the intensity of scattered light is symmetrical with respect to the center of the
particle. If the particle radius is comparable to the wavelength of incoming light, the
intensity of backscattered light decreases and the intensity is no longer symmetrical
with respect to the center of the particle. From Barnhart, Gunasekaran, 2020 [51].

(" This holds as long as the molecular weight and radius of the particle is constant over time and
space.
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Figure 2.8: Scattered field produced by a PMMA sphere, with radius equal to
the wavelength (1 pum), calculating using the T-matrix method (from Berisha, et.
al., 2017 [52]). The scattering intensity has a preference along the direction of the
incident beam (from left to right). The optical fringes emerge from the diffraction
pattern of scattered light, which consequently is not symmetric. These fringes ap-
pear in the kymograph shown in Fig. 2.6, which might be mistakenly identified as
additional particles.

Optical fringes represent a problem in NSM because the particle tracking algorithm
may mistakenly identify them as an additional particle, moving essentially in the
same manner as the real particle, but with a lower iOC. By Eqgs. (2.32) and (2.41)
the latter means that this "false" particle has the same hydrodynamic radius as the
real particle but a lower molecular weight because the intensity of optical fringes
decreases with distance. The detection of false positives will negatively affect the
mass and size distribution of the total measurement, defeating the goal of NSM
to be one of the most precise and accurate experimental single-molecule, label-free
methods available.
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Methods

The minimal physical components for NSM are a nanofluidic chip, an optical path
powered by a laser of visible light, and a dark-field microscope equipped with a
high speed camera (see Fig. 2.1). A detailed description of the components can
be found in the main NSM article [19]. The camera is connected to a computer
to enable real-time data acquisition using custom software in both Python and
MATLAB®. The custom software used for data analysis is written in MATLAB and
is described in detail in the Supplementary Information (SI) of the aforementioned
article. The basic steps of the algorithm for data processing will be briefly outlined
in the following subsections. Subsequently, the method proposal of this work will
be presented in more detail, focusing on the mathematical derivation.

3.1 NSM algorithm overview

A CMOS camera captures the light scattered by the nanochannel containing
the biomolecule(s) and collects it into a video file, which is no more than a 2D
intensity map as a function of time. This file needs to be processed to visualize the
biomolecule(s) and extract trajectories according to the following steps:

1) Integration along the nanochannel short axis. The raw signal is first
integrated along the short axis of the nanochannel, resulting in an intensity map
with only one spatial coordinate and a time coordinate.

2) Noise reduction. To reduce the effect of mechanical and optical fluctuations on
the signal, Gaussian filtering is applied, which consists on the spatial convolution of
the signal Iy with a Gaussian kernel. This operation smoothes out the high frequency
fluctuations, but also ensures the mean optical signal to remain unchanged, since
the Gaussian kernel is normalized to preserve the norm. This procedure is partic-
ularly effective when the optical signal is also expected to exhibit a Gaussian profile.

3) Background estimation and first subtraction. The intensity profile of an
empty channel I°(z,t) (considered background) is estimated by a spatio-temporal
moving mean of the corrected total intensity profile I*(x,t). With this in mind, the
normalized kymograph intensity profile I*(z,t) is calculated as:

I*(x,t) — I'(x,1)
I%(x,t)

I*(z,t) = (3.1)
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which can be readily seen to be strongly related to the relations between iOC and
molecular weight Egs. (2.19) and (2.32). After this step, the optical signatures of
particles diffusing through the nanochannel are revealed for the first time, yet are
not ready for analysis.

4) Kymograph refinement. The optical signal of the kymograph, I*(z,t), is
subjected to a thresholding process, in which a mask containing all the optical
signatures is produced. An iterative process of noise reduction and background
estimation and subtraction is performed, but this time the mask is used to exclude
the particles’ optical signatures to reduce the influence of denoising and refinement
on the experimental intensity. Convergence is achieved when the variation of
each matrix element of the intensity profile (absolute value) is less than some
constant multiplied by the standard deviation of the optical profile. This constant
is user-defined and sets the desired resolution of iOC, but in turn greatly affects
the total computation time.

4) Particle tracking. The determination of the particle trajectories consists of
several steps. First, feature points are identified, which correspond to significantly
distinctive local minima of the intensity profile at each time frame n (by definition,
the iOC is negative). There exists a maximum diffusion coefficient, denoted as
D4z, that the particle tracking algorithm can detect. The standard deviation of
the Gaussian probability distribution for the displacements, Ax corresponding to
this diffusion coefficient is given by /2D, At (see Eq. (2.39)). To capture 99.73%
of particles moving at this diffusion rate, a maximum displacement Az,,,, is defined
as three times this standard deviation. Thus, Ax,,q.. serves as the upper limit for
associating pairs of subsequent feature points. The algorithm first identifies pairs
of feature points whose separation distance is less than or equal to Ax,,,,. This
process is repeated iteratively, where each iteration looks for a connection between
any two pairs of feature points within this threshold separation distance. The
iterations continue until no further associations are possible within the limit Az, 4.

5) Data analysis. Diffusion coefficient can be extracted from a trajectory using an
average of the mean square displacements per particle (MSD) as a function of time,
accounting for localization and motion blur, as depicted in Eq. (2.40). Knowing
the diffusion coefficient, the hydrodynamic radius R is calculated using Eq. (2.41),
in which Newton-Rhapson method is applied to solve for R , since the hindrance
factor is a complicated function of R. The time-dependent iOC is calculated by the
integral of the normalized kymograph along position Eq. (2.19). The median over
time is identified simply as iOC, and it is used to calculate the molecular weight of
a biomolecule using Eq. (2.32).

3.1.1 The kymograph

After completing data preprocessing (Steps 1-4), a kymograph is produced, which
represents the intensity of light scattered by biomolecules within a nanochannel as
a function of position and time. With a reliable particle tracking algorithm, the
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trajectories can be identified, enabling the calculation of the diffusion coefficient
and the subsequent determination of the biomolecules’ hydrodynamic radii.
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(b) Refined kymograph.
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(c) Particle tracking algorithm.
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(d) Analysis of trajectories to calculate D and iOC'.

Figure 3.1: Stages of kymograph refinement and analysis. The vertical axis rep-
resents position inside the nanochannel, while the horizontal represents time. A
particle tracking algorithm is applied to the kymograph to extract the trajectories
of individual particles. Then, the diffusion coefficient D (Eq. (2.40)) and iOC are
calculated for each individual trajectory.
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3.2 Method proposal: Biofouling detection

Brownian motion is a stochastic process in which a particle can be displaced a
random distance at any time interval. Under the hypothesis of free diffusion, these
displacements follow a Gaussian distribution, and we can relate the variance of the
trajectory to a diffusion coefficient, which yields to the hydrodynamic radius of the
Brownian particle. If such a particle gets immobilized due to interactions with the
channel, the hypothesis of free diffusion is no longer valid, thus, it is not possible
to associate a diffusion coefficient to its trajectory. Therefore, we are interested
in finding a method to determine when a trajectory satisfies the hypothesis of free
diffusion, because this is the only way in which we can extract the particle size.
In this section we will derive a method based on the statistical analysis of the
instantaneous kinetic energy. We will see that the probability of a Brownian particle
to retain a low kinetic energy decays exponentially with time. This is going to be
implemented as an algorithm and evaluated with simulated and real trajectories.

3.2.1 Probability distribution of kinetic energy in Brownian
motion

2
We recall the definition of instantaneous kinetic energy 7" as %m(dz(tt)) , with m the
particle mass. Taking AX in terms of its probability distribution from Eq. (2.34),

we can write the kinetic energy in discrete form as:

T = ;m(AA);Y = ;mizt {/\/’(O, 1)]2 (3.2)

2
the term {./\/' (0, 1)] refers to the squared of a standard Gaussian random variable,

whose probability distribution is given by a standardized x7 (Chi-squared) distribu-
tion with k£ = 1 degree of freedom [53, p. 940]:

[N(O 1>r ) 1 e 3

) = Xk=1 = Vo U
In which y refers to the square of a dimensionless displacement which will be inter-
preted later. xi_, has convenient properties:

(3.3)

Elxi_i| =1
i (3.4)
Var[XZ:J =2
and its cumulative distribution function C'DF given by
Lopet Gy
CDEF, . = — dy = 222 3.5
ER RV AN A () 89

where (%,%) is known as the lower incomplete gamma function and I'(%) the

gamma function. In this case we only have k = 1 degrees of freedom.

24



3. Methods

The properties of the y?_, distribution (Eq. (3.4)) allow us to easily compute the
mean kinetic energy F [T}:

=1
1o, 1w
E{T] ‘ E{QmAtX } —2""Ar Epam (3.6)
1 b
E|T| = SR

then the kinetic energy normalized to the mean T, (dimensionless) is given by

— T

norm +— m = Xz=1 (37)

This is an important result, which can be interpreted as follows:

For a particle undergoing free diffusion, the kinetic energy normalized to the mean
is given by the standardized Chi-squared distribution with one degree of freedom.
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(a) x3_, distribution function with k=1 (b) Cumulative distribution function of
degree of freedom, describing the ki- Xi_;- This is equal to the area under
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T rorm.- of 17.7 % that T, adopts a value of
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Figure 3.2: Chi-squared distribution and its corresponding cumulative distribution
function, which describe the probability distribution of T4, .

In this way, we can interpret the cumulative distribution function evaluated at a
certain threshold Tjj,.., as the probability that, at any given time t, = nAt, the
instantaneous kinetic energy normalized to the mean T, is at most Tyy,es, which
we write as

P(Tnorm S T;fhres) - C’Dinzl (Tthres) (38)
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The quantity Tjp.es is the ratio between a certain kinetic energy threshold and the
mean kinetic energy of the entire trajectory.

We can expand our reasoning further, by considering that each event of a discrete
Wiener process W is statistically independent of the rest, thus, mathematically:

Wy — Woot =N(0,1) V n>1 (3.9)

we also know that, given ay,as,...,ay statistically independent events, the joint
probability of all of them occurring subsequently is

P(aylas]...lan) = [[lp(ai) (3.10)

combining equations Egs. (3.5), (3.8) and (3.10), we can write the probability of a
particle to retain a kinetic energy normalized to the mean T, remaining below
or equal to Typ,..s for N steps as

o o AN
P(Tnorm < ﬂh'res| N Steps) = (C‘DFX%_l (ﬂhres)) (311)

where the operation (-)Y denotes a simple exponentiation. We have derived
Eq. (3.11) to allow the computation of the likelihood of a Brownian particle to
stay with a low kinetic energy for a given extension of time. It can be seen from
Fig. 3.2b that the probability of a particle to have an instantaneous T, lower or
equal to 0.05 is 0.177. Therefore after, let’s say, 5 steps, the probability will be

P(Trorm < 0.05| 5 steps) = (0.177)° = 1.173 x 10~* = 0.0173% (3.12)

evidently, this quantity decreases exponentially with the number of steps. It is valu-
able to note that this joint probability does not depend on the time step At, particle
mass, global temperature, diffusion coefficient nor any of the physical quantities of
the system; it is a general property of a particle following Brownian motion. Now we
proceed to implement this result into an algorithm for the detection of biofouling.

3.2.2 Algorithm description

Particle trajectories have noise arising from the sequence of subroutines associated
with particle tracking, which prevents a correct identification of biofouled segments.
In this work, a simple noise reduction was performed using a moving average of
the trajectory. It is recommend a sliding average time window of 5% of the total
length of the trajectory. This ensures that the trajectory is minimally affected and
the mean kinetic energy does not change significantly. An upper limit of 5 frames
is imposed to the moving average time window in order to avoid over-smoothing
of small features of the dynamics in longer trajectories. We also recommend
the length of the sliding window to be odd, in order to correctly average to a
central value, especially when the particle is immobilized, due to the noise is
essentially random perturbations around an equilibrium, central position. We
have previously derived Eq. (3.11), which gives the probability that a particle
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retains at most a certain kinetic energy normalized to the mean Ty;,.s for N time
steps. In this work we considered the probability calculated in Equation (3.12) of
P(T yorm < 0.05] 5 steps) = 0.0173% to be a significant indicator that such an event
is unlikely to happen. However, these parameters shall be optimized and refined in
future revisions. As discussed in 3.2 this probability threshold serves as a point of
comparison; a way to evaluate the likelihood of a segment of a trajectory to take
place.

Assuming a long trajectory with no biofouling ocurring, excluding all the detected
segments with a normalized mean kinetic energy lower than 5% will only substract
0.0173% of the total trajectory, ensuring a low bias of the algorithm.

The main main steps of the algorithm are qualitatively described as follows:

1. Extract the trajectory (position and time) of a given particle by any particle
tracking method.

2. Smooth the trajectory by moving average with a symmetric, odd sliding aver-
age window (denoising).

3. Calculate the square of the instantaneous velocity (linearly proportional to
kinetic energy).

4. Calculate the mean square of the velocity.

5. Normalize the square of the velocity by the mean value (equivalent to kinetic
energy normalized to the mean, since the constants cancel out).

6. Find all the segments longer than a certain amount of steps N with a normal-
ized kinetic energy lower than a certain user-defined threshold Tjj,.,. These
segments are designated as in "stuck mode", opposing to the "free diffusion
mode".

7. Save the time and position segments corresponding to a stuck mode.

8. Proceed with the diffusivity calculation only considering segments correspond-
ing to free diffusion.

This algorithm was written in MATLAB 2024, and it is found in Appendix A. At
this level, Ty,es and N are independent parameters, but the algorithm can be easily
modified in order to set the probability of occurrence (see Equation (3.11)) constant
and search for all the combinations of Ty, and N that satisfy this probability.

3.2.3 Simulation of trajectories with biofouling

The algorithms used to simulate kymographs are part of proprietary software, how-
ever, the algorithm to simulate the trajectories is based on standard Brownian mo-
tion, which is indeed a well known process. With the help of Equations (2.35)
and (2.39), we can express the probability distribution of a small increment in po-
sition AX after a time interval At in terms of the diffusion coefficient D

AX = V2DAL-N(0,1) (3.13)

which means that, at time ¢,,, we can express the position X, as
X, = X,_1+V2DAt-N(0,1) (3.14)
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This equation describes free diffusion in Brownian motion in discrete form. At each
iteration, the current position is updated with the sum of the previous position and a
random Gaussian variable with mean v2DA¢t. Typical values of D for nanoparticles
are in the range of um?/s [54]. We set At = 50 ms to mimic the frame rate of the
camera commonly used for NSM experiments at Envue Technologies.

Now we assume that biofouling occurs with low probability, that is, the total time
of immobilization of a particle is about 1-5 % the total time of the experiment (50
s). This was performed by applying a "halt" order. Let xgy. be the position at
which a particle gets immobilized. Let ¢4, and t.,q be the starting and ending
times of biofouling, which are selected at random. Then we modify Equation (3.14)
by neglecting the update of the position based on previous location, this is

tS arnr ten
X = Xguer + V2DAL - N(0,1); for n = itt to AZ (3.15)

This equation ensures that a particle stays at an equilibrium position, but takes
into account thermal noise arising from the collisions with the molecules of the
surrounding fluid. This equation was implemented to simulate biofouling, in which
the amount of time spent in a fixed position was given by a weighted random,
uniformly distributed variable, averaging out a total of 3-5% of the total time of the
simulations. Simulations were carried out with 10000 time points, equivalent to 50
s in real time.
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Figure 3.3: Simulated kymograph with diffusion coefficient D = 30um?/s and
1OC = 10 nm. Free diffusion is interrupted by biofouling, characterized for thick
horizontal lines in the kymograph.

The i0OC (see Equation (2.32)) in this work was set to 10 nm to optimize the signal
to noise ratio and minimize any bias introduced by the algorithms responsible for
kymograph refinement and particle tracking. If we consider a channel of area 50 x
30 nm?, an iOC=10 nm is equivalent to about 3170 kDa or 3,170,000 g/mol for
a globular protein, which is orders of magnitude higher than the largest known
monomeric proteins [55]. However, at the level of simulations, iOC and diffusivity are
independent parameters, so a high iOC does not affect the Brownian dynamics!.

[n real experiments, iOC and diffusivity are actually interdependent because they are deter-
mined by mass and size, both being interrelated through density; an intensive, intrinsic quantity.
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Results and discussion

A collection of kymographs were simulated using proprietary libraries from
Spackova et. al.[19] and Envue Technologies. The pertinent parameters will be
stated in each of the following subsections. This section outlines the results from
the implementation of biofouling detection and its repercussions in the diffusion
coefficient. We compare the change in the distribution of diffusivity before and
after applying the algorithm. We relate them to distributions of hydrodynamic
radius by setting a fixed channel area in all cases to facilitate comparison. The
iOC was set high and constant on purpose, to reduce the number of variables to
evaluate the performance of biofouling detection. Finally we apply the algorithm
to experimental data of ferritin in PBS buffer, measured in January 2024 by Envue
Technologies.

4.1 Qualitative proof of concept

The algorithm is able to detect segments of immobilized particles (Figure 4.2). The
detection of such segments works best for trajectories longer than 40-50 data points,
which is expected in probabilistic-statistical methods. Figure 4.1 illustrates different
stages of the algorithm applied to one specific trajectory, as described in Algorithm
description (Section 3.2.2). The first and last points of the biofouled segments are
flagged with green and red points, respectively. Figure 4.2 shows the portion of the
kymograph corresponding to the same trajectory shown in Figure 4.1. The biofouled
segments of the trajectory in the kymograph are highlighted in white. The time scale
is shown in dimensionless time steps, each step being equivalent to 1/200 seconds.
Nevertheless, it was shown in Equation (3.11) that the kinetic energy normalized
to the mean does not depend on any physical quantity, such as time step, diffusion
coefficient or particle mass.
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Figure 4.1: Example of biofouling detection. Top: Trajectory obtained from ap-
plying particle tracking algorithm to a simulated kymograph, with the starting and
ending points of a biofouled segments highlighted in green and red, respectively.
Middle: Trajectory denoised by moving average, with a sliding average time win-
dow of 2.5 % the total time. Bottom: Kinetic energy normalized to the mean in
semilogarithmic scale. A horizontal line represents T'yyesn=0.05. Note that the seg-
ments in which T ean < Tinresh correspond to the segments delimited by the green
and red dots in the top plot. The apparent discontinuity in kinetic energy arises
from its value being very close to zero, which diverges to -Inf in logarithmic scale.
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(a) Biofouling detection disabled. (b) Biofouling detection enabled.

Figure 4.2: Simulated kymograph, corresponding to the same trajectory in Fig. 4.1.
The biofouling detection algorithm correctly detects 3 segments (highlighted in
white), as shown in Fig. 4.1.
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4.2 Control test: Effect of biofouling detection in
trajectories with no biofouling

As a control, biofouling detection was applied to simulated kymograph with no
biofouling. Simulations of 30 kymographs, each containing more than a hundred
trajectories, were performed with various diffusivity coefficients D = [10,20,30]
pum?/s (10 kymographs each), with a fixed iOC = 10 nm. All trajectories follow
standard Brownian motion with no biofouling.
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Figure 4.3: Comparison of distribution of diffusivities and corresponding hydrody-
namic radius (HR) for a simulated diffusion coefficient D = 10um?/s. The simula-
tions were carried out without biofouling, so relatively small changes take place after
applying biofouling detection. With a channel area of 50 x 30 nm?, this diffusivity
corresponds to an HR= 8.05 nm.

In Figure 4.3, the first row shows the distribution of diffusivity and hydrodynamic
radius. The control test resulted in a mean diffusivity is 9.72 um?/s, differing by
2.3% from the target of D = 10 um?/s. This small deviation arises mostly from
the fact that the dataset is finite, but for the purpose of this study is considered
sufficiently valid. The second row shows these distributions after applying biofouling
detection. Parameters for biofouling were set to Tspresn = 0.05 and N = 5 (see Equa-
tion (3.12)). The mean diffusivity after biofouling detection resulted in 9.83 pum?/s.
Based on the control test, this constitutes a relative increase of 1.11%. Ideally, in
the absence of biofouling, one would anticipate a null change. However, due to the
probabilistic nature of the method, there exists a non-zero probability that the nor-
malized kinetic energy will adopt low values for some amount of time. This increase
represents the incidence of false positives at the level of diffusivity. Nevertheless,
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since this alteration in mean diffusivity results in a bias in the mean hydrodynamic
radius of approximately 0.35 A, it is considered negligible, as it remains well below
the detection limit of NSM [19].

4.3 Effect of biofouling in the calculation of diffu-
sivity and hydrodynamic radius

Simulations of 30 kymographs, each containing around 100 trajectories on average,
were performed with various diffusion coefficients D = [10,20,30] um?/s, with a
fixed iOC = 10 nm. Biofouling was imposed at random, so a particle spends on
average 3-5% of the total experiment time in a stuck position.

Figure 4.4 condenses the distribution of diffusivity for simulations with D =10
pum?/s. Since only trajectories longer than 30 frames (150 ms) were considered,
the dataset comprises a total of 837 trajectories. On top of the figure, the diffusivity
was calculated using the whole trajectories.
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Figure 4.4: Changes before and after the detection of stuck trajectories. The
target (simulated) diffusion coefficient was set to D = 10um?/s. A total of 837 tra-
jectories longer than 30 data points we detected and analyzed. We exclude outliers
lying more than 3 standard deviations from the mean. We notice that there is a
significant improvement in the mean calculated diffusion coefficient (D), together
with a reduction the standard deviation of both this quantity and the hydrodynamic
radius (HR). HR was calculated assuming a channel area of 50x30 nm.

The distribution of diffusion coefficients for each trajectory is shown in Figure 4.4.
The target diffusivity was set to D = 10um?/s. On top, the analysis was done with-
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Figure 4.5: Changes before and after the detection of stuck trajectories. Simulated
D = 20um?/s.

out excluding the biofouled segments from the trajectories, resulting in a decrease
in estimated diffusivity.

4.3.1 Real scenario: Ferritin oligomers

Ferritin is a self-assembling globular protein found in almost all living cells, acting
as the main storage for iron [56], which makes it a valuable biomarker for detecting
iron deficiency in blood. It has a typical radius of 6 nm [57, 58] and can store up
to 4500 iron atoms, resulting in a mass ranging from about 400 kDa when empty
to 750 kDa when fully loaded. Ferritin can form stable dimers, trimers and larger
oligomers [57], and its cages have promising applications in drug delivery [59].
Thus, measuring the size of ferritin and the concentrations of its various oligomers
is of significant interest in biomedicine.

Biofouling detection was applied to experimental data of a series of ferritin samples
in PBS, obtained in January 2024 by Envue Technologies. A total of 41 kymographs
were analyzed. At the time of measurement, it was concluded that the surface
passivation protocol (based on PEG) applied to the nanochannel was not sufficiently
satisfactory, due to a heavy occurence of biofouling. Figure 4.6 illustrates the
different stages of analysis for a portion of a single kymograph as an example. The
detected biofouled segments are highlighted in white.
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(c) Refined kymograph, after biofouling detection applied to trajectories (biofouled
segments in white).

Figure 4.6: Different stages of a kymograph fragment of a ferritin sample presenting
biofouling. The algorithm performs better for long trajectories.

Figure 4.6 shows a portion of a ferritin kymograph in which biofouling detection
is applied. It is evident that the there is a significant presence of noise, since
ferritin is a small particle, thus exhibiting low contrast and a lower signal-to-noise
ratio. Despite of this, the particle tracking algorithm is able to identify complex
trajectories, to which the biofouling detection algorithm is applied. The biofouled
segments of the trajectory are colored in white. Performing a manual inspection,
we realize that the algorithm can detect most of the biofouled segments, however,
it performs better for long trajectories exhibiting both diffusion and biofouling,
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because it is constructed under the assumption that free diffusion happens in
the first place. For trajectories where biofouling is prevalent most of the time, a
different method should be considered, possibly by identifying ranges of absolute
kinetic energy per unit of mass that clearly indicate the particle is not undergoing
free diffusion. These ranges of kinetic energy per unit of mass can be determined
from the biofouled segments detected by the algorithm and implemented into a
second iteration of biofouling detection.
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Figure 4.7: Diffusivity (D) and hydrodynamic radius (HR) distributions of all
ferritin samples. After biofouling detection, a prominent presence of bodies appear
in the range of HR ~ 10-14 nm, suggesting a dominance of ferritin dimers.

The diffusivity and hydrodynamic radius distributions were calculated before and
after biofouling detection (see Figure 4.7). In each instance, we discarded statistical
outliers that were more than three standard deviations away from the median.

We observe that the distribution of diffusivity becomes broader when biofouling
detection is applied, which is compatible with an increment in mean diffusivity,
as previously noted in simulated data. However, there is an important occurrence
of diffusivities approaching zero in both cases, which might be an indicative of
completely biofouled trajectories not being excluded, as suggested in Figure 4.6.
This offers additional motivation to expand the algorithms to include the case of
fully biofouled trajectories.

Compared with the radius of a single ferritin unit (approximately 6 nm), the size
distribution was considerably broad before biofouling detection, suggesting the
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absence of a dominant contribution from any specific ferritin conformation. At the
time of the experiment, it was determined that the sample was mainly composed of
protein aggregates, with no clear prevalence of any particular ferritin configuration.
After biofouling detection, a distinct peak appeared within the hydrodynamic
radius range of about 10 to 14 nm. This suggests a significant contribution of
ferritin dimers in the samples. However, these findings are provisional, since further
optimizations in biofouling detection could shift this peak to the left, possibly
indicating the presence of monomers.

We have learned that biofouling detection algorithms can help NSM extract physi-
cal information from experiments in which the antifouling protocols were not fully
successful. Nevertheless, it is still imperative that particles diffuse through the
nanochannel for most of the experiment time in order to apply the Stokes-Einstein
relation, allowing the extraction of size distribution.

4.4 Limitations and future work

The biofouling detection algorithm presented in this work has been shown to be
effective, although it has room for improvement. The method, which normalizes the
instantaneous kinetic energy of a long trajectory primarily characterized by Brow-
nian motion, fails in recognizing fully biofouled trajectories due to its reliance on
self-comparison under the a priori assumption that only a small portion of the tra-
jectory is biofouled. This is undesirable since the contributions of such trajectories
greatly affect the diffusivity distribution. A plausible alternative to tackle this prob-
lem is described below. In addition, an algorithm for detecting optical fringes based
on covariance analysis between trajectories is also outlined.

4.4.1 Detection of fully biofouled segments

It is reasonable to assume that a fully biofouled trajectory and a biofouled segment
from a trajectory that exhibits both free diffusion and biofouling should share simi-
lar statistics, as they are governed by the same phenomena. From Equations (2.39)
and (3.2), it follows that the mean (discrete) kinetic energy of a trajectory is
proportional to the diffusion coefficient, since both are proportional to the mean
squared displacement (AX)2. By analyzing the fully biofouled segments of all the
trajectories, we can get a distribution of biofouled mean square displacements. This

distribution will serve as a reference to detect totally biofouled trajectories.

The new feature of fully biofouled detection is outlined in the following steps:

1. Utilize the preexisting biofouling detection algorithm to loop through all the
N trajectories to detect biofouled segments.

2. Determine the mean squared displacement distribution of the m biofouled
segments detected in the previous step, focusing on the average (AX2) and
standard deviation o(ax,,)-

3. Loop over all the N trajectories again and compute the mean squared dis-
placement AX?2 of the entire trajectory.
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4. Apply the three-sigma rule: Any trajectory whose mean squared displacement
A X2 lies within a distance of 30(ay,,) from (AX2) will be considered a bio-
fouled trajectory. Mark such trajectories.

5. Exclude the identified biofouled trajectories from the diffusivity calculations.

By implementing these steps, the algorithm can now take into account fully biofouled
segments, which is expected to greatly improve the determination of the diffusivity
distribution, hence the hydrodynamic radius.

4.4.2 Detection of optical fringes

In Section 2.4, it was described how the optical fringes can be identified by the
particle tracking algorithm as an additional (false) particle, negatively impacting
the reliability of the results after data have been processed. A key feature of optical
fringes is that their separation distance remains constant over time in stationary
state. This means that the real particle and its optical fringes describe trajectories
that are fully correlated in the absence of noise. This assertion can be demonstrated
by the use of the Pearson correlation coefficient.

Let X = {x;} and Y = {y;} be two discrete datasets of trajectories calculated by a
particle tracking algorithm. The Pearson correlation coefficient 7, is defined as

~ Cou(X,Y)

O0x0y

(4.1)

Tey

In which Cov(X,Y") is the covariance of X and Y, defined as:

oy X (o <Ja;>) (- ) -

and oz being the standard deviation of a variable Z = {X, Y}, defined as usual:

N 2
i=1 <Zz - <Z>>
Oy = N (43)
A correlation coefficient of r, , = £1 indicates that the variables X and Y are fully
correlated (positive sign) or anticorrelated (negative sign), that is, a linear change
in X will cause a linear change in Y by the same magnitude [60]. Assuming that the
dataset X describes a trajectory of a real particle and Y describes the trajectory of
the maximum intensity of an optical fringe, detected as a false particle, we expect
that at any i-th time frame, both positions will be related as:

in which d denotes the distance between the optical fringe and the real particle,
assumed as constant. From Egs. (4.1) to (4.3), it can be shown that the Pearson
correlation coefficient between two variables is invariant under translations and
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re-scaling. Therefore, we conclude the following:

In absence of noise, the trajectory of a particle and the trajectory that describes its
optical fringe are fully correlated, with a Pearson correlation coefficient equal to 1.

In real NSM experiments, optical noise is unavoidable, so we should never expect
a correlation coefficient of r,, = 1. However, it is well accepted that r,, = 0.95
is an indicator of high statistical significance [60]. With this in mind, it becomes
possible to construct an algorithm for the detection of optical fringes as follows:

1. Loop over the N trajectories and calculate the Pearson correlation coefficient
between particles m and n, with the condition m > n to avoid double counting.

2. Detect all pairs of trajectories whose Pearson correlation coefficient r,, ,, is at
least 0.95.

3. Compare the iOC of both trajectories and flag the one with the lowest absolute
value.

4. Exclude all flagged trajectories from further data processing.

In step 3, we consider the trajectory with the highest absolute value of iOC, since
an optical fringe always has a lower intensity.

This simple algorithm could be easily integrated into current data analysis tools and

is expected to reduce false positive detection when measuring particles of diameters
greater than 100 nm, as in the case of LNPs and exosomes [61].
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Conclusion

NSM is an innovative single-molecule, label-free microscopy technique that in-
tegrates optics, electromagnetism, statistical physics, nanofabrication, surface
chemistry, biophysics and computer science to determine the molecular weight of
nanoparticles by measuring their polarizability, and their hydrodynamic radius by
tracking their trajectory and calculating the corresponding diffusion coefficient.
This technique utilizes a nanofluidic chip as the platform and induces light
scattering in the Rayleigh regime. The optical signal is recorded and subsequently
processed to extract single-molecule characteristics. This study aimed to explore
the fundamental physical principles of NSM and identify limitations that could be
addressed by enhancing data analysis methods. Biofouling emerged as a significant
issue, a common challenge in micro and nanofluidics involving biomolecules, as it
impedes the accurate determination of the diffusion coefficient, leading to a biased
calculation of the hydrodynamic radius.

The study of Brownian motion properties has led to a method for determining
the probability that a particle retains a certain kinetic energy over a given finite
time interval. This principle was incorporated into an algorithm that analyzes
each trajectory extracted from a kymograph, determining whether a drop in
instantaneous kinetic energy (normalized to the mean) is due to the stochastic
nature of free diffusion or is caused by biofouling.

As a control, biofouling detection was applied to simulated kymographs without
ocurrence of biofouling. The algorithm was shown to introduce a low bias in
the calculation of diffusivity, on the order of 1 to 2 % from the value calcu-
lated without biofouling detection. For simulations involving modest biofouling,
in which each particle remained immobilized on average for 3 to 5% of the
total duration of the experiment, biofouling detection brought the mean diffusiv-
ity back to the intervals given in the first analysis of kymographs without biofouling.

It is important to note that further evaluations of the biofouling detection algorithm
need to be done to minimize false positive detection. An important step of the
current algorithm is the denoising of trajectories by a uniform moving average time
frame window. This moving window was taken to be at most 5% of the trajectory
length. It is important to evaluate if the resulting data is still well described by
Brownian motion, which can be done by an analysis of the velocity autocorrelation
function.
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5. Conclusion

As future research, an algorithm for identifying optical fringes based on correlation
between detected trajectories could be easily implemented and tested, which
could serve as an auxiliary tool to correct for optical artifacts when the parti-
cle size in question lies around the limit of validity of the Rayleigh scattering regime.

The studies presented in this work follow the notion that data analysis techniques
grounded in fundamental physics and statistics can be applied to address some
experimental challenges a posteriori, thereby lowering experiment costs and the
required time to meet the desired accuracy and precision standards. In addition, a
deeper understanding of the physical object of study is found in the journey.
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A

Appendix 1: Algorithm for the
detection of biofouling

The function getStuckTrajectories was written in MATLAB® 2023. It detects a drop
in kinetic energy normalized to the mean if it is statistically significant (as discussed
in Section 2.3.2.1).

function PARTICLES = getStuckTrajectories (PARTICLES,
minimum_kinenergy_threshold, N_stuck_steps)

%%IDENTIFIES AND FLAGS STUCK TRAJECTORY SEGMENTS (TO
EXCLUDE THEM FROM DIFFUSIVITY
%CALCULATIONS)

%» Brownian diffusion relies on the assumption of freely
moving particles, which is

%» no longer satisfied when a nanoparticle gets stuck/
inmobilized in a nanochannel.

% Ideally, the kinetic energy is zero when a particle is
not moving.

%» However , thermal fluctuations still play a role,
causing the position to

% vibrate around an equilibrium position. Therefore some
sore of smoothing

% is necessary to detect a stuck trajectory.

%% ALGORITHM

yA * Smooth the trajectory with a moving mean

yA * Calculate a normalized (to the mean) kinetic energy
per particle.

yA * Establish a minimum kinetic energy threshold to be
considered as zero,

yA thus, a particle is stuck, not moving.

yA * Flag the segments of kinetic energy below the
threshold and save them
% into a new structure contained in PARTICLES.

%% INPUTS:
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%» PARTICLES data structure, more precisely, PARTICLES.
timeFrame and
% PARTICLES.position

%% OUTPUTS:

HPARTICLES (i) .StuckTrajectories for the i-th particle.
Each of these is a data

hstructure itself, containing timeFrame and position for
each stuck segment.

%» Call the n-th stuck segment of the i-th particle
%» timeFrame = PARTICLES(i).StuckTrajectories(n).timeFrame
% position = PARTICLES(i).StuckPosition(n).position

%% PARAMETERS

yA - minimum_kinenergy_threshold = 0.05; % Threshold
ratio of kinetic energy (with respect to the mean) to
be considered as zero. To be refined according to
stochastic processes theory

smoothing_ parameter = 0.05; 7 Ratio of total number of
frames of a trajectory to be taken into account for
smoothing the position. Default is 0.05 = 57

yA - N_stuck_steps = 5; Minimum number of time steps
that a trajectory is allowed to
yA be in a stuck mode. The probability of this event
is
yA [CDF (minimum_kinenergy_threshold)] "N_stuck_steps,
where CDF 1is the
yA cumulative distribution function of the chi-
squared distribution with k=1
b degree of freedom

%% Calculate kinetic energy for each trajectory in
PARTICLES struct
for particle = 1: length(PARTICLES)

time = PARTICLES(particle).timeFrame; J Extract the
time from the data frame

% Number of frames to smooth up the trajectory.
Rounded to the closest

% odd integer.

smoothing frames = ceil(smoothing parameter * length(
time)); % Rounded up to closest integer

IT
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%» Ensures an odd sliding averaging window for a
centered-value mean

smoothing frames = smoothing frames + 1 - mod(
smoothing frames, 2);

% Sets a limit of frames in order to prevent over-
smoothing

if smoothing_ frames > N_stuck_steps

smoothing frames = N_stuck_steps; % Multiply by 5
ms to get time in seconds
end

hExtract refined position if available
if isfield (PARTICLES, "positionRefined")
position = PARTICLES (particle).positionRefined;
else
position = PARTICLES(particle).position; 7 Extract
the position from the data frame
end

% Calculates kinetic energy divided by m/2, since
dimensions are not important,

% but its relation to the mean, given by the chi-
squared distribution

mean_kin_energy = mean( (diff (position).”2) );

/» Denoise position with a moving mean

position = movmean(position, smoothing frames);
Apply a moving mean with a sliding averaging
window

%» Kinetic energy normalized to the mean (
dimensionless)

kin_energy diff (position) ."2;

kin_energy kin_energy / mean_kin_energy;

kin_energy movmean (kin_energy, smoothing frames); %
Apply a moving mean to the square of velocity

%» Finds the times when the kinetic energy is below
the minimum kinetic energy threshold. Flag=1 when
kin energy is less than the threshold, O otherwise

stuck_times = kin_energy <
minimum_kinenergy_ threshold; 7 Logical array

%»Find the starting and ending points of the stucking
segments.

ITT
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IV

start_indices = find( diff ([0, stuck_times.']) == 1);
%» Finds when a 1 is after a 0: Stucking starts
end_indices = find( diff ([0, stuck_times.']) == -1);

% Finds when a 0 is after a 1: Stucking ends

% Checks if trajectory was initiated in stuck mode.
If so, sets the

% initial start index to the initial time. After
these conditional

% statements, start _indices and end indices must have
the same length

if ( ~isempty(start_indices) ) && ( ~isempty(
end_indices) ) ’ Check that at least one stuck
segment has been found

if end_indices (1) < start_indices (1)
start_indices = [time (1), start_indices];
elseif end_indices(end) < start_indices(end) 7 If

trajectory ends in stuck mode, sets the final

end index to the final time

end_indices = [end_indices , length(time)];
end

%» FOR DEBUGGING: Flag if lengths do not coincide.
if length(start_indices) ~= length(end_indices)
disp("getStuckTrajectories SUBROUTINE ERROR:
")
disp ("START INDICES' LENGTH DO NOT COINCIDE
WITH END INDICES")
end

%» ASSIGN TIME AND POSITION OF THE STUCK SEGMENTS INTO
A NEW STRUCTURE

stuck_segments = length(start_indices); 7 Number
of times a given particle/trajectory gets
stuck

% Counter or segments which are longer than the
smoothing frames
% parameter

count = O;

for n = 1 : stuck_segments
hdisp(n)
%» Avoid counting turning points smoothed out
if end indices(n) - start_indices(n) >=

N_stuck_steps
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end
end

% Fetch time and position for each stuck

end
end
end

segment of each trajectory

particle

% Corrects with an extra time step, for
the discrete trajectory being defined
as a forward finite difference.

if end_indices(n)<length (PARTICLES(
particle) .timeFrame) 7JEnsures index
contained within trajectory

end_indices(n) = end_indices(n) + 1;
elseif start_indices(n) > 1
start_indices(n) = start_indices (n)
- 1;

end

time = PARTICLES(particle).timeFrame (

start_indices(n) : end_indices(n) );
position = PARTICLES (particle) .position(
start_indices(n) : end _indices(n) );

% Number of times a particle gets stuck
count = count + 1
PARTICLES (particle) .StuckTrajectories(

count) .timeFrame = time;

PARTICLES (particle) .StuckTrajectories(
count) .position = position;

%disp( strcat ("Particle analyzed: ",
num2str (particle), ", number of stuck
segments: ", num2str (count)) )
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