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ABSTRACT

John William Ryckman Mellnik: Microrheology and Heterogeneity in Biological Fluids:
Approaches, Models and Applications
(Under the direction of M. Gregory Forest)

Fluids play an important role in a wide range of biological processes. They facilitate cellular
activities, protect us from infection and propagate nutrients throughout the body, to name a few. In
each case, the properties of the fluid are finely tuned to the task at hand, and understanding those
properties can afford a deeper understanding of the underlying biology. Furthermore, knowing how
disease or environmental factors alter the properties of these fluids can provide a means to interpret,
and forecast, downstream deleterious effects.

To this end, microrheology is an increasingly popular means of investigating biological fluids.
This technique, whereby tracer particles are embedded in the fluid of interest and their diffusive
movements are used to infer the viscous and elastic moduli of the surrounding fluid, offers insight into
properties of the fluid at a spatial and temporal resolution unmatched by traditional macrorheology
approaches.

Despite its benefits, the wider application of microrheology has been limited by the presence
of two, frequently encountered, phenomena: the existence of an active driving force coupled to the
stochastic movement of the tracer particles, and the presence of spatial, or temporal, heterogeneity
in the fluid under investigation. This work proposes best practices for addressing each of these
phenomena and demonstrates how they may be coupled to diffusion models to more accurately
describe, and predict, the movement of micro- and nano-scale particles through biological fluids.
We apply the methodology developed herein to the analysis of bronchoalveolar lavage fluid from a
pediatric cystic fibrosis cohort as part of an ongoing effort to characterize pulmonary manifestations

of the disease.
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CHAPTER 1

Introduction

1.1 Rheology

Fluids are ubiquitous. Their physical properties impact a wide range of processes, from the
quotidian (mixing cake batter), to the essential (preventing infections). Rheology is the study of the
physical properties of fluids and how those properties respond to applied stress. Newtonian fluids,
such as water, exhibit a purely viscous response to stress, dissipating energy, while solids exhibit an
elastic response, storing energy. Between these two extremes, there are many synthetic and biological
fluids that exhibit properties of both solids and liquids. These are referred to as viscoelastic fluids.

Often, the relative viscous and elastic response to an applied stress is dependent upon the
frequency (w) with which the stress is applied. For purely viscous fluids, the viscosity is the ratio
of stress to strain upon deformation, while for viscoelastic fluids, the viscosity is replaced with the
complex viscosity, n*, or the complex shear modulus G*(s) that divides the frequency dependent
stress-to-strain ratio into an in-phase storage component (G"), representing the elastic response, and
an out-of-phase, loss component (G”'), representing the viscous response. The complex viscosity is
directly proportional to the complex shear modulus: iwn*(w) = G*(w) = G'(w) + iG” (w). Fluids
may exhibit shear-thickening or shear-thinning depending on which moduli dominates at the relevant
frequencies. A mixture of cornstarch and water is a well known fluid that exhibits viscous properties
at low frequency forcing and elastic properties at high frequency forcing.

In this chapter, we provide a brief presentation of the key differences between microrheology
and macrorheology. We then present the foundational theory of Mason and Weitz [1] that gave rise
to the modern field of microrheology. This chapter is concluded by a discussion of the motivations

and objectives behind this research, and finally, a a brief guide to the subsequent chapters.



1.1.1 A brief introduction to micro and macrorheology

Rheology may be divided into two main categories. The first, macrorheology, concerns a fluid’s
response to an applied stress at the length scales of the fluid volume. A rheometer, consisting of two
horizontal plates between which a volume of fluid is placed, is used to apply a controlled stress to the
trapped fluid and measure the resulting strain. While protocols for bulk characterization of many
fluids have been rigorously established, this approach has three main limitations. First, microliters
of the fluid are often required to engender a response above the noise floor of the rheometer while
experimental conditions may limit the volume of fluid available for characterization. Second, a
rheometer’s noise floor and the fluid’s surface tension, which acts as an elastic force at low driving
stress, limits the types of fluids and stress regimes that may be investigated. Third, the physical
geometry of the rheometer naturally measures a mean response, spatially averaged over the area of
contact between the fluid and the rheometer’s plates. This removes any heterogeneities within the
fluid, potentially masking highly discerning information.

Microrheology is an alternative to bulk rheology that is well suited to the characterization of
fluids that may be available in limited volumes or exhibit heterogeneity. Furthermore, as we will
demonstrate, microrheology may be used to analyze the viscoelastic response of fluids to stresses
below the noise floor of most rheometers. Microrheology focuses on the movement of tracer particles
embedded in the fluid of interest, informing the linear viscoelastic response of the material across a
wide range of frequencies [1-5]. In purely viscous fluids, the viscosity is related to the diffusivity of

the embedded tracer particle through the Stokes-Einstein equation,

 kgT

D = ;
6mnr

(1.1)

where kg is the Boltzman’s constant, 7" is temperature and r is the radius of the embedded particle.
This equation encompasses two key ideas, that the thermally activated motion of the particle is related
to its mobility (the Einstein component), and that the mobility is related to the fluid’s viscosity (the
Stokes component)[6]. Application of the Stokes-Einstein relation was limited to purely viscous fluids
until the generalized Stokes-Einstein relation (GSER) was derived in 1995 by Mason and Weitz [1, 6].

This generalization, allowing for the decomposition of a particle’s diffusive movements into viscous



and elastic components, provides the foundation for all modern microrheological investigations. In

the following section we present Mason and Weitz’s derivation of the GSER.

1.1.2 Generalized Stokes-Einstein Relation

Diffusion refers to the stochastic movement of solute through a fluid and arises from the
bombardment of the particles composing the solute by the molecules of the surrounding fluid.
The Stokes-Einstein relation (1.1) formally relates the stochastic motion of an individual particle,
represented by the diffusivity, D, to the viscosity 7 of the local fluid. We may think of viscosity
as a dampening force, dissipating energy and decreasing the stochastic fluctuations of the particle.
Conversely, an increase in the innate energy of the fluid, represented by kT, serves to increase the
stochastic fluctuations. Following Newton’s second law, the thermal and drag forces acting on a
particle must balance, i.e.,

mV(t) = Fdrag (t) + Ehemal(t)' (1'2)

In their generalization of the Stokes-Einstein relation, Mason and Weitz begin with the generalized
Langevin equation that presents Fyr,g (%) in terms of a damping function with memory kernel ¢(t),
and Fihermal as a stochastic term representing the random bombardment of the particle with the

surrounding molecules [7, 8]:

mV(t) = falt) — /0 "ot — W)V (w)du, (13)

where m and V are the probe mass and velocity, respectively. Stokes’ law relates the viscosity of the
the fluid to the memory kernel,

¢ = 6mnr. 1.4)

Letting £{-} be the standard Laplace transform such that

F(s) = £ (1)) = / T et iyt (1.5)



we may take the Laplace transform of (1.3) and solve for the velocity:

’ mV(0) + fr(s)

Vis) = = 1.6
(5) ms + ((s) (1.6)
— f/(s)V(O) = V(O)—mV(O) +~fR(S). 1.7)
ms + ((s)
Taking the ensemble average, (-), and assuming we are in the zero-mass limit, we find,
~ kT
V(is)V(0)) = —. (1.8)
Vv = 25

In practice, the increment process is typically measured, not the velocity process. The time
domain mean squared increments, (z%(t)) are directly related to the velocity autocorrelation function

through the Laplace transform,
(V(s)V(0) = L@ (s)) = 5 (#(1)): (1.9)

Thus, by substituting into (1.8), the memory kernel may be directly related to the observed increments,

- 2kpT
= 1.10
C(S) 82<i2(8)> ) ( )
which is in turn proportional to the complex viscosity of the fluid,
S
== 1.11
(s) = ¢ (L.11)

The complex shear modulus may then be related to the mean squared increments of the diffusing
particle as,
~ kpT

G(s) = sn(s) = sma(B2()) (1.12)

In typical microrheology experiments, tracer particles are injected into the fluid of interest, video

of particle movement is collected, and the position time series is extracted using tracking software.

From the position time series, the mean squared displacements are calculated as a function of a lag



time and subsequently transformed according to (1.12) to estimate the viscous and elastic moduli of
the fluid.

Both the generalized (1.12) and non-generalized (1.1) Stokes-Einstein relations are based on
two key assumptions. First, the Einstein component relating the thermally activated motion of
the probe particle to its mobility requires that the system is in equilibrium, i.e., the particle is not
experiencing a net force. This net force may arise from convective flow within the fluid volume,
active manipulation of the particle, either by internal or external forces, or induced by technical
deficiencies such as drift of the microscope stage [6, 9, 10]. Second, the Stokes component of (1.12)
and (1.1) require that the fluid under investigation is homogeneous, isotropic and incompressible.
The homogeneity requirement is often invalidated in gels and synthetic polymer solutions [11-15], as
well as various biofluids [16-19], however Squires and Mason [6] point out in their excellent review
that the conditions under which the Stokes component fails are themselves important indicators
of a material’s properties and are worth investigating. Importantly, heterogeneity may arise from
three distinct sources, temporal changes in the fluid or probe particle, spatial variations in fluid
constituents and length-scale dependent structural variations within the fluid. Incongruities in any of
these variable, time, location, or length-scale, have the potential to engender disparate estimations of

a heterogeneous fluid’s viscoelastic properties.

1.2 Motivations and objectives

Transmucosal drug delivery, the primary motivation of this work, is an increasingly active area
of investigation, with relevance for a wide range of conditions. Every organ of the human body not
covered by skin is coated with a viscoelastic fluid, known as the mucosal layer, that protects the
underlying organ from pathogens and other foreign insults. Many medical and biological scenarios
involve the diffusion of foreign bodies, such as micron-scale drug delivery particles, or infectious
xenobiotic and viral agents, through the mucosal layer. Through its ubiquitous nature, the mucosal
layer is forced to take on dual, and often contradictory roles, hindering diffusion of malevolent species,
while allowing for the unfettered absorption of beneficial therapeutics. Although it is increasingly
recognized that transmucosal delivery is a promising pathway for treating disease throughout the

entire body [20-22], mucus presents a formidable barrier to the distribution of some therapeutics,



particularly micron-scale drug delivery particles and dry powder formulations that are large enough
to interact with the elastic network of mucin proteins that make up mucus, and endow it with its
viscoelastic properties.

The impact of the mucosal layer on the distribution of micron-scale drug delivery particles and
dry powder formulations is a complex function of the compound’s surface chemistry and size, as
well as the physical properties of the mucosal layer itself. The mucosal layer dictates the movement
of these compounds as they dissolve or decompose, significantly influencing the concentration
time profile of the embedded active pharmaceutical ingredients (API). It is increasingly recognized
that the diffusive properties of microscopic particles in viscoelastic fluids are not only anomalous,
and poorly described by Brownian motion [23-28], thus invalidating a central assumption of most
pharmacokinetic models, but they exhibit potentially biologically relevant inter-patient variability
due to age, genetics, disease progression and environmental conditions [22, 23, 29, 30]. The design
of therapeutics for controlled delivery of an API through the mucosal layer requires statistical and
mathematical tools to analyze experimental data, perform model selection, fit model parameters, and
forecast outcomes. No current methodology adequately address the unique and highly variability
properties of the mucosal layer that can significantly influence diffusion, API uptake and subsequent
bioavailability of therapeutic compounds. Here, we seek to provide a first step toward such a
methodology.

The application of this research to pulmonary drug delivery is of particular interest because
pulmonary drug delivery has been shown to lead to a reduction in side effects and faster drug onset
times [31, 32]. Pulmonary drug delivery has been identified as a potentially superior method of
drug delivery for a range of conditions such as chronic obstructive pulmonary disease, asthma and
cystic fibrosis. Inhalation has also been proposed as a delivery route for vaccines, gene therapies,
insulin treatments and cancer treatments [31]. The rigorous analysis of the diffusive movements
of specific therapeutic compounds through the pulmonary mucosal layer of specific patients will
facilitate personalized medical treatments for a wide range of conditions. The ability to perform these
evaluations transiently holds great promise to couple patient characteristics and drug treatments, and
to modify treatments in real time.

The use of microrheology techniques to guide therapeutic design and dosing protocols requires

a rigorous understanding of both the innate viscoelastic properties of the fluid under investigation



and how those properties change depending upon the characteristics of the therapeutic compound.
The GSER significantly advanced the field of microrheology beyond its initial applications and the
seminal work of Mason and Weitz has been been adapted to the study of a wide variety of viscoelastic
fluids across a range scientific disciplines [33-36]. However, as microrheology techniques are applied
to increasingly complex fluids such as mucus, two hurdles must be addressed: the differentiation of
thermally-activated motion from driven motion in the probe particle’s trajectory, and the presence
of spatial or temporal heterogeneity due to changes in the local physical properties of the fluid, or
changes in the surface chemistry or physical size of the particle itself. Furthermore, to make the
this methodology practical, more accurate models for particle diffusion must be developed, and a
theoretical framework is required to predict particle passage times, and subsequent bioavailability,

beyond experimentally-observable time scales.

1.3 Overview

In the remaining chapters, we propose best practices addressing the hurdles outlined above.
Chapter 2 presents existing Brownian models for the diffusive movements of particles in homoge-
neous and heterogeneous, viscous and viscoelastic fluids, with a focus on simulation algorithms for
each model. We conclude with a novel model based on fractional Brownian motion for diffusion in
heterogeneous viscoelastic fluids and demonstrate how its simulation algorithm may be adapted to
address the inverse problem of parameter estimation given a single realization of such a stochastic
process.

In Chapter 3 we discuss approaches to diffusive parameter estimation when driven motion is
coupled to a particle’s thermally-activated movements. We demonstrate the impact of driven motion
on traditional parameter estimation techniques, as well as the recovery of the storage and loss moduli,
and viscosity of the fluid.

Chapter 4 addresses technical challenges inherent in the analysis of microparticle tracking data
from heterogeneous fluids. An algorithm based on clustering techniques adapted from the Machine
Learning community is presented for the quantification of fluid heterogeneity, under the assumption
that each tracer particle has probed a homogeneous sub-region of the fluid. Application of the

algorithm to simulated homogeneous and heterogeneous, viscous and viscoelastic data suggest that



the proposed algorithm is able to accurately and consistently quantify heterogeneity in complex
fluids.

No explicit formula currently exists for the first passage time of a fractional Brownian process
from the unit interval. In Chapter 5 we motivate a functional form for this quantity through analysis
of the simulation algorithms discussed in Chapter 2. This analysis highlights an initially unintuitive
feature of fractional Brownian motion—that subdiffusive processes travel faster over short distances
than superdiffusive processes. These results emphasize the importance of accurately estimating
diffusive parameter values and quantifying the spacial dimensions over which diffusion occurs.

In Chapter 6 we use the tools presented in the previous chapters to investigate and compare the
viscoelastic properties of mucus harvested from primary human bronchial epithelial cell cultures and
clinical mucus samples collected from a pediatric cystic fibrosis (CF) population via bronchoalveolar
lavage. We illustrate how the results afforded by these tools may be used to estimate clinically
relevant parameters critical to the understanding and treatment of early CF lung disease and other

pulmonary pathologies.



CHAPTER 2

Brownian Diffusion Models and Simulation Algorithms

In this chapter we discuss several models for the diffusive movements of nano- and micro-scale
particles. We begin with Brownian motion, a well-known model appropriate for homogeneous, purely
viscous fluids, and progress toward models suitable for diffusion in heterogeneous, viscoelastic fluids.

Simulation techniques for each model are detailed.

2.1 Introduction

Following its formal mathematical description by Einstein in 1905 [37], Brownian motion has
become a foundational model, linking the mobility exhibited by a particle to the physical properties
of the surrounding fluid via the Stokes-Einstein relation (1.1). However, similar to the breakdown
of the Stokes-Einstein relation in the presence of both viscous and elastic components, requiring
the GSER (1.12), a generalization of Brownian motion, or an alternative model, is required to
adequately describe the movement of particles in viscoelastic fluids. To this end, several Brownian
processes have been proposed to address diffusion in viscoelastic, and heterogeneous viscoelastic
fluids. Developing appropriate descriptions for the diffusive movement of particles is essential for
the accurate forecasting of desired statistics such as, in the context of transmucosal drug delivery, the
concentration time profile of an inhaled formulation at the mucus-epithelial interface, or the time
course of systemic exposure. The absence of closed-form diffusive transport equations applicable
to heterogeneous viscoelastic fluids requires the development of efficient methods to generate
diffusive trajectories of individual particles and the pursuit of the desired statistics through rigorous
simulations.

Brownian processes can be divided into three categories, standard Brownian motion (sBm),
fractional Brownian motion (fBm) and multifractional Brownian motion (mBm). fBm is the general-

ization of standard Brownian motion for diffusion in viscoelastic fluids. fBm may be divided into two



subcategories, Weyl (Section 2.3) and Riemann-Liouville (Section 2.4) based on the definitions of
their respective fractional derivatives. In viscoelastic fluids, the elastic modulus introduces memory,
i.e., correlation, in the probe particle’s increment process. For fBm processes of both types, this
memory is characterized by a unitless constant known as the Hurst parameter, H € [0, 1] where
H > 0.5 and H < 0.5 correspond to positive correlation (superdiffusion) and negative correlation
(subdiffusion) in the particle’s increments. When H = 0.5, the increments are uncorrelated and
sBm dynamics are recovered. mBm is the generalization of fBm for time-varying [ caused by the
movement of the probe particle between regions of a fluid with different elastic moduli (Section 2.5).
In this chapter, we present strengths, weaknesses and simulation techniques for each model. We con-
clude by introducing amnesiac Brownian motion, an alternative model for diffusion in heterogeneous

viscoelastic fluids (Section 2.6).

2.2 Standard Brownian motion

sBm, the most common Brownian model, was first formulated by Einstein based on his observa-
tions of pollen particles in water [37]. While sBm is a ubiquitous model for diffusion, it is best suited
for “ideal” diffusion through homogeneous, purely viscous, i.e., non-viscoelastic, fluids. A sBm
process, denoted {.S(¢)}, is a Gaussian process with stationary increments. The following properties

also hold:
(i) S(0)=0
(i) E[S(#)] =0
(i) E[S?(t)] ~t

A continuous-time sBm process may be written as

S(t) = /0 £(u)du, @1

where & (u) is uncorrelated white noise. Since most experimental data is composed of discrete mea-
surements of continuous-time processes, it is often advantageous to consider the discrete representa-

tion S,, = S(nAt) where At is the inter-observational time. The sBm increments s, = Sy,11 — Sy,

10



are Gaussian and uncorrelated. sBm may be easily simulated by computing the cumulative sum of

normally distributed iid numbers. A particle position process with inter-observational time At is

Xn=X(nAt)=> &, £~N(0,A), (2.2)

=0

where NV (0, At) is the normal distribution with mean zero and variance At.

Because the increments are uncorrelated, sBm is not well suited for modeling subdiffusive
processes that exhibit correlation in the increment process. A common scenario engendering
subdiffusion is the passive, thermally activated movement of particles in viscoelastic fluids where
the elasticity of the fluid’s gel-structure introduces correlation in the particle’s movement. To model

such phenomena for which sBm is poorly suited, we turn to fBm.

2.3 Weyl fractional Brownian motion

2.3.1 Theory

Weyl fractional Brownian motion (W-fBm) is a generalization of sBm based on the Weyl
fractional integral and allows for correlation in the increment process. W-fBm was first formulated
by Kolmogorov in 1940 [38] and later popularized by Mandelbrot and Van Ness [39]. A W-fBm

continuous time position process { B(t)} may be write as,

Bi(t) = Hir v [ /_ (; {(t =)= = (—0) =} e(u)du + /O (- ) e ()]
(2.3)

Similar to sBm, W-fBm is a Gaussian process and exhibits the following properties:
(i) Bu(0)=0

(i) E[By(1)] = 0

(iii) E[B%(t)] ~ 24

(iv) Bg(ct) ~ ' By(t)

11



where H is the Hurst Parameter. As noted earlier, W-fBm processes may exhibit negative correlation
(H < 0.5), giving rise to sub-diffusion, or positive correlation (H > 0.5), giving rise to super-
diffusion, i.e., persistent motion, and when H = 0.5 the increment process is uncorrelated and
standard Brownian dynamics are recovered. From (2.3) we see that W-fBm may be thought of as an
infinite history, represented by the integral from —oo to 0, combined with a finite moving average,
represented by the integral from O to ¢. While the increment process resulting from only the later
integral is non-stationary, the summation of both integrals leads to stationarity of the increments [40].
The correlation in the position process for W-fBm is given by

ACFg(t1,t2) = E[By(t1)Bu(t2)] = = (17 + 637 — [t2 — t1*7) (2.4)

N

and autocorrelation of the discrete increments b, = By 11 — By is
1
ACFy(n) = cov(by, bprn) = 502At2H (In+ 127 + |n — 122 — 2|n?H) (2.5)

where the subscript H has been dropped for clarity.

W-fBm has been used to model processes as diverse as river flow [41-44] and network traffic [45,
46]. In a biological setting, it has been used to describe the movements of 1 ym diameter particles in
human bronchial epithelial mucus [23] and intra-cellular biopolymers [47], among other applications.
For particle diffusion, the following stochastic model for the particle’s position process X (¢) has
been proposed [25]:

X(t) = pt + 0By (). (2.6)

Here, By (t) is a zero-mean Gaussian process specified by (2.3) and o is a scaling factor that may be
related to the viscosity of the fluid. u is the “drift parameter” and takes into account systematic or
driven motion. In chapter 3 we discuss factors that give rise to non-zero values of p and approaches

to, and complications regarding, parameter estimation when p # 0.
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2.3.2 Simulation techniques
2.3.2.1 Direct algorithm

Direct algorithms for W-fBm generate sample paths by multiply a decomposition of the cor-
relation matrix specified by (2.4) with vectors of normally distributed random numbers [48, 49].
This approach may be implemented using the square root decomposition of the correlation matrix,
however it is more computationally efficient to consider the Cholesky decomposition. To generate a

position process of length NV, we first build the correlation matrix A. Entry ¢, j of A is

Aij=- (BT +E7— |t — ;27 .7

N

fori,7 =1,...,N. Let L be the lower triangular matrix resulting from the Cholesky decomposition
of A such that LI’ = A. The position process of a particle diffusing via W-fBm is then generated as
X = ¢'*(L¢), where & w N(0,At) isa N x 1 vector. The matrix L serves to weight the white
noise terms in order to produce a process X; with the desired correlation structure. In general we

have,

X; =011y + &l + ... + L] . (2.8)

Figure 2.1 shows the Cholesky weights of paths of length N = 500 for three values of H at various
points in the path.

The Direct W-fBm simulation algorithm is straight forward, however, in its current presentation,
the length of the path must be specified a priori. This makes the algorithm poorly suited for
adaptive implementations where the simulated path is extended until a stopping condition is met.
Furthermore, Cholesky decomposition is computationally expensive since most algorithms exhibit

O(N3) complexity [50].

2.3.2.2 Frugal Cholesky updates

To address these limitations, the Direct algorithm may be adapted to an iterative framework
by taking advantage of the fact that the correlation matrix for a path of length /V is a subset of the

correlation matrix for a path of length NV 4 1. Indeed, the construction of the A € ROVFDX(N+1)
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Figure 2.1: Cholesky weights of three N = 500 step paths (At = 1/60) based on the Weyl-fBm
covariance (2.7). The Hurst parameter of the paths are H = 0.1 (black), H = 0.3 (blue) and
H = 0.5 (red).The ¢ < j weights L; ; used to construct X; are shown for three points in the path,
j =100, 5 = 300 and j = 500. For the Brownian path (H = 0.5), all weights are equivalent.

given A € RV*N only requires the computation of one additional row. L, the resulting Cholesky
decomposition of A, is a lower triangular matrix of size (N + 1) x (I + 1) such that LI/ = A.
Similar to the relationship between A and A, L and L differ only in their last row, i.e. f*i, j = L ; for
1,7 = 1,2,...N. Therefore, calculating i, the new Cholesky matrix, based on L, the old Cholesky
matrix, and 1~X, the correlation matrix at the current time step, is O(V) times more efficient than

directly computing the full Cholesky decomposition of A. The elements in the N row of L are

given by
1 .
Lyj==—[AnN; — ZLN,ij,k ; (2.9)
Ljj =1
N-1 /2
Lyy = [Anny — ZL%Vk] : (2.10)
k=1
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Importantly, the Direct algorithm has the property that row j — 1 of LL is not a subset of row j of
L, therefore at each stage of the algorithm, j new weights must be explicitly calculated leading to

O(N?) complexity.

2.3.2.3 Hypergeometric Discrete algorithm

Discrete algorithms are based on discrete approximations to the continuous time position process
(2.3). They have the form,
N o pint
Xy=3 [ futH)gdu, @.11)
iy J(i—1)At
where the weighting function f(u,t, H) depends on the version of the algorithm. The general
approach is to find a set of weights that produce W-fBm when multiplied by the noise terms &;. The
primary benefit of Discrete algorithms compared to Direct algorithms is that they are well suited for
adaptive simulation schemes since the weights for Xy are a subset of the weights for X y_; and
new positions can be appended to the existing position process simply by evaluating the appropriate
weight function.

The hypergeometric Discrete algorithm is based on an alternative representation of the continuous

time W-fBm process described by (2.3). It is written as [51]:

t
By(t) = / K2 (t, u)é(u)du (2.12)
0
where
B oy =) I S S
K" (t,u) = T(H < 1) X F, | H 53 H,H+2,1 2 t > u. (2.13)

As an aside, the above equation is presented as it is in Carmona et al. [52] who cite the work of

Decreusefond [51]. Decreusefond however, defines the Gaussian hypergeometric function as

o Fy (a,b;¢;2), 2] < 1. (2.14)

The condition on z is clearly not satisfied in the presentation given by Carmona et al. if £ > wu.

o F| is the Gaussian hypergeometric function,
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= (a,n)(b,n) d"

Fi(a,b;c;d) = —
251\ Y & I
= (¢,n) n!
where
I'(a+d)
d) = .
(a’7 ) F(d)
The discrete approximation is thus
N o piat
Xv=3 [T Ky g
= Ji-1)At

(2.15)

(2.16)

2.17)

Exact calculation of the above integral is inefficient to compute, but for sufficiently small At, the

integral may be approximated with techniques such as the Mid Point method, the Trapezoidal method

or Gaussian quadrature. For the simulations presented here, we utilize the Trapezoidal method.
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- - - Discrete Hyp.
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Figure 2.2: Comparison of weights for the Direct and Hypergeometric Descrete W-fBm algorithms
for H = 0.2 (black), H = 0.3 (blue) and H = 0.4 (red). The weights are for a path of temporal

length 7" = 30 s, inter-observational time At = 1/60 and N = 1, 800 steps.
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The weights for the Direct and Hypergeometric Discrete W-fBm algorithms are presented in Fig.
2.2. We make two observations: First, the Direct weights for points early in the time series are larger
than the weights for points in the middle of the time series and thus have a larger influence on X .
Second, the Hypergeometric Discrete approximation does not capture this trend. The pronounced
influence of the initial noise terms for W-fBm processes is intimately linked to the representation
of W-fBm as an infinite memory process. In simulating such processes, it is assumed that the first
data point incorporates the infinite “pre-history”. This initial pre-history, whatever it may be, is
then perpetuated throughout the length of the simulated path via the large weights assigned to the
initial noise components. While this may seem like a reasonable approach in theory, many physical
phenomena, such as diffusion processes, have a well defined commencement at some ¢ = 0, at
which point there is no memory in the process. W-fBm as a model for diffusion incorporates infinite
memory at ¢ = 0 that we do not expect to exist in the physical phenomena itself. We will refer to this
as the Starting Point Problem. As noted by others [40, 53-55], this fundamental difference between
the model and the physical phenomena it is tasked with describing, calls into question the use of
W-fBm in this context. To address this miss-match caused by the Starting Point Problem, we turn to

Riemann-Liouville fractional Brownian motion.

2.4 Riemann-Liouville fractional Brownian motion

2.4.1 Theory

Riemann-Liouville fractional Brownian motion (RL-fBm), is a an alternative representation of
fBm based on the Riemann-Liouville fractional integral [56]. A RL-fBm continuous time position
process { B(t)} may be written as,

t
Bu(t) = ¢ ! /O (t — w7 (u)du,  t>0. (2.18)

(H +1/2)
Comparing this representation to that of W-fBm presented in (2.3), we see RL-fBm does not exhibit
infinite memory at ¢ = 0, effectively abrogating the Starting Point Problem, but does so at the
expense of stationarity of the increments [40]. The increment process however, converges to local

stationarity when the sampling frequency At is significantly smaller than the observation time, i.e.

when t/At > 1 [40].
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Correlation of the RL-fBm position process [54] is given by

AN 1 34
E[BH(tl)BH(tQ)} = (H+ 1/2)[F(H n 1/2)]2 X o F) (2 —H 1,H + 5 t2> , (2.19)

where 0 < t1 < t2 and 4 F| is the Gaussian hypergeometric function defined in (2.15).

To get the variance of the RL-fBm position process, we set t| = t9, thus

2H
E[B%(t)] = T 1/2)2[;(11 TR o F, (; — H,1,H + g 1) (2.20)
- 2121 ['(H +3/2)T(2H) 5ol
CEDDIGEDDE [F(2H+ DE(H + 1/2)] @21)
752H
= (2.22)

HI(H +1/2)]*
and we recognize that the variance scales with ¢/ as expected.

Given a RL-fBm process with total path length ¢ and inter-observational time At such that we

may assume the increments are locally asymptotically stationary, their correlation is given by [40]

ACFy(n) = {02 + ({2H(F(H + 1/2)}2) ] (nAt)2H (2.23)

where 02 = (B%(1)).

2.4.2 Simulation techniques
2.4.2.1 Direct algorithm

We can easily implement a Direct algorithm for the simulation of RL-fBm using the same
method described in Section 2.3.2.1 for W-fBm. Whereas for W-fBm the covariance matrix was
defined by (2.4), here we simply substitute (2.19) to form a covariance matrix for RL-fBm, denoted

®. The i, j element of P is

pH 2 2

1 3t
b ;= — F(--H1H+-,2 ti >t 2.24
SR Cer e S CREAEES 1) MUEU
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2.4.2.2 Exact Discrete algorithm

The Exact Discrete RL-fBm algorithm is based on the discrete position process [57]

N
Xy= ot Z/ B (ty —u)T=" <§> du. (2.25)
D(H +1/2) = Ji-1)at VAt

The integral can be solved exactly to yield,

N
Xy = wyn-in, (2.26)
=1
[ e 22
" T(H +1/2) VAHH + 1/2)

Figure 2.3 shows the weights wx_;41 for three paths with three different Hurst parameters.

H=0.1
0.7 L [—i=100
; —- i =300
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0.5 | !
:ﬁ“ 04 T E
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0 + t } + y
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Figure 2.3: Weights for three N = 500 step paths (At = 1/2) generated via the Exact Discrete
RL-fBm algorithm. The paths have Hurst parameter H = 0.1 (black), H = 0.3 (blue) and H = 0.5
(red). The weights used to construct X are shown for three points within each path, j = 100,
j =300 and 5 = 500.
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2.4.2.3 Improved Discrete algorithm

Rambealdi et al. [57] and Muniandy et al. [54] utilize an improved weighting method that exactly

satisfies the local scaling behavior of the covariance. Specifically,

N
XN = Zf@]\f—iﬂ (2.28)
i—1

where,

(2.29)

w; =

_ 1 20 _ (1, — Ap)2H7
]

I'(H +1/2)

(a)

Figure 2.4: Comparison of weights for the Improved and Exact Discrete RL-fBm algorithms. (A)
The newest Brownian noise component, £ receives a higher weight for the Improved algorithm
compared to the Exact algorithm. (B) The impact of the increased weight for trailing Brownian noise
components in the Improved algorithmm is that the position process of the resulting path is slightly
more extreme compared to the Discrete algorithm.

A comparison of the Exact and Improved weights over the length of a short path (N = 5) is
shown in Fig. 2.4. The newest Brownian noise component, £y, receives a higher weight for the
Improved algorithm compared to the Exact algorithm. The two weighting functions are monotonic
and convergent for earlier time points, i.e., as N — ¢ + 1 increases. The increased weight on & in
the Improved algorithm causes the position process of the resulting path to be slightly more extreme
compared to the Discrete algorithm. A comparison of the weights for the Direct, Exact Discrete and
Improved Discrete RL-fBm algorithms is shown in Fig. 2.5. There is a stronger correspondence

between the Direct and Discrete versions of the algorithm weights compared with the corresponding
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W-fBm algorithms. Within RL-fBm algorithms, the Discrete approaches have the advantage that they
are straightforward to compute and do not require the evaluation of the Gaussian hypergeometric
function, which is unwieldy, requiring different algorithms for different parameter values.

While RL-fBm is a promising candidate model for diffusion processes, solving the Starting Point
Problem, and can be efficiently simulated via Discrete algorithms, it is not without limitations. In
particular, RL-fBm in its current presentation is not well suited to model diffusion in heterogeneous
fluids. To understand this, recall that the mobility of a tracer particle embedded in a fluid is directly
related to the viscoelastic properties of the fluid via the GSER. In the case of a viscoelastic fluid
the elasticity arises from a physical source. For mucus, the source is a gel network composed of
interconnected glycosylated mucin proteins. The elasticity in the fluid engenders memory in the
increment process of an embedded tracer particle, characterized by H < 0.5 (when no net force
is applied to the particle), which may, in the case of mucus, vary with local disparities in mucin
concentration or temporal changes in the chemical bonds forming the gel network itself. When we
refer to a heterogeneous fluid, we are referring to a fluid that exhibits non-uniform elasticity—the
case where elasticity is constant but viscosity is non-uniform is trivial-and in the context of an fBm
model, the Hurst parameter H for such a fluid should naturally be variable. To generalize fractional

Brownian motion for such situations, we turn to multi-fractional Brownian motion.
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Figure 2.5: Comparison of weights for the Direct, Exact Discrete and Improved Discrete RL-fBm
algorithms for H = 0.2 (black), H = 0.3 (blue) and H = 0.4 (red). The weights are for a path of
temporal length 7" = 30 s, inter-observational time At = 1/60 and N = 1, 800 steps. The difference
between the Discrete Exact and Improved weights is indistinguishable except for at j = 1800.
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Figure 2.6: Comparison of position processes from W-fBm and RL-fBm algorithms. The paths have
a temporal length 7" = 30 s with inter-observational time At = 1/60 and N = 1, 800 steps. The gray

region indicates data highlighted in Fig. 2.7.
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Figure 2.7: Comparison of position processes from W-fBm and RL-fBm algorithms. The paths have
a temporal length 7" = 30 s with inter-observational time At = 1/60 and N = 1,800 steps. The data
presented here correspond to the gray region indicated in Fig. 2.6.
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2.5 Multi-fractional Brownian motion

2.5.1 Theory

Multi-fractional Brownian motion (mBm) is a generalization of fractional Brownian motion that
allows for a time-varying Hurst parameter [58, 59]. Here, we focus on Riemann-Liouville mBm
although various representations of mBm exist [60, 61]. The continuous time (RL) mBm process is

defined as [55]
t
/ (t —u)TO=2e(w)du,  t >0, (2.30)

and has covariance,

H(t1)+1/2,H (t2)—1/2
2 t 1
ACFp(t,ts) = ! 2 X9 Iy <

3 t
——H(ty), 1, H(t1)+=,— |,
[2H (t1) + 1T (H(t1) + Y2)T(H (t2) + 1/2) 5~ H(t2), L H(B) + 3 t2>
(2.31)
where to > t;. We observe that the key difference between mBm and RL-fBm is the substitution of

the function H (t) for the constant H.

2.5.2 Simulation techniques

Muniandy et al. [55] propose Exact and Improved Discrete algorithms for mBm using the same
weighting functions described by (2.29) and (2.27), without modification. Their approach is as

straight forward as it is computationally expensive. The position process is simulated as
Xj = Bu,(t), 0<j<N. (2.32)

For £ discrete values of H, we recognize that (2.32) calls for the simulation of & distinct RL-fBm
processes, whose elements are then selectively recombined according to H (¢;). For example, given
H{(t;), we use the appropriate RL-fBm Discrete algorithm to generate By ;,)(t;), 0 < i < j, and
store the final position B(¢;) as X (¢;). At the next time step, if H(tj+1) # H(t;) we generate

a new path B ,)(ti), 0 < i < (j + 1) and store the final position B(t;11) as X(tj+1). If
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H(tj+1) = H(t;), we simply extend the current path by one step and store the result in the same

manner.

Let
0.35 0< 5 <500

H(tj)) =405 500<j <900 (2.33)

0.1 900 <j <1800

Figure 2.8 shows the position process resulting from this choice of H (¢).
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Figure 2.8: Example mBm path simulated using Discrete Improved weights. The paths have a
temporal length 7' = 30 s with inter-observational time At = 1/60 and N = 1,800 steps. (A) The
input function H (t;) is defined by (2.33). (B) The resulting possition process given H (t;).

The temporal dependence of H makes mBm a more suitable model for processes with variable

memory, corresponding to variable elasticity in the fluid properties, compared to W-fBm or RL-fBm.
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However, mBm is not without limitations. To understand these, consider a biphasic fluid, the left
volume of which is a purely viscous fluid and the right volume of which is a viscoelastic fluid. Within
each region, the fluid is homogeneous. Consider a particle that has been deposited in the purely
viscous half of the volume at time ¢ = 0. While the particle diffuses within the viscous fluid, we
would apply standard Brownian motion to model its movements since there would be no correlation
in the increment process. As soon as the particle transits to the viscoelastic half of the volume, we
would instinctively apply RL-fBm to account for the correlation in the increment process created
by the non-zero storage modulus of the fluid in that region. Within the viscoelastic region, we note
that the diffusive movements of the embedded particle does not meet the formal definition of a long

memory process. The formal definition of a long memory process is a process such that
ACE(t) ~ ct?1 ast — oo, (2.34)

where ¢ # 0 and d < 0.5 [62]. In the case of RL-fBm (and W-fBm), the covariance scales as ct?H |
and H € [0,0.5] = d € [0.5,1], thus, formally, there is no long-time memory. The weights

t2d—1

however, do decay as c with d < 1/2. To see this, consider the formula for the Exact Discrete

weights given in (2.27). Ignoring the leading gamma term, we have,
w; = {VAL(H + 1/2)} [tfﬂw — (t; — At)mﬂ (2.35)

= (VRIH Y2} [0 g0 Ay AP ) (H 42 1 o(ar)
(2.36)
= At %At%(H — 1) tH=Y2 L O(AL?) (2.37)

As t; — oo, the first two terms satisfy the scaling relation in (2.34) when H < 1/2. Thus, even
though RL-fBm is not formally a long memory process, we would be remiss to neglect any of the
noise terms in the calculation of X, even when i < N.

Since there is no point beyond which we may ignore the weights, RL-fBm depends on all
previous behavior. This presents a contradiction when considering our hypothetical biphasic fluid—
if the correlation in the increment process is attributable to the elastic nature of the fluid, and the

correlation gives rise to a weighting function that does do not decay, then the diffusion of the
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particle in the viscoelastic fluid is dependent upon its previous behavior in the purely viscous fluid.
Furthermore, under the mBm model, the movement of the particle in the viscoelastic half of the fluid
volume would depend on the stochastic movements of the particle in the purely viscous half as if the
purely viscous half had been viscoelastic. We know this is inconceivable since there is no physical
mechanism in the viscous fluid to store and transmit the particle’s movements to the viscoelastic
region for perpetuity, or otherwise. We refer to this as the “Agency Problem.” This phenomena is
manifested in mBm through the use of H (¢) as the exponent of the integrand in (2.30) and gives
rise to discontinuity in the position process X (t) when H (¢) is not a smooth function, and for many
fluids, we have no reason to suspect this to be true. To address the Agency Problem, we introduce

amnesiac Brownian motion.

2.6 Amnesiac Brownian motion

2.6.1 Theory

Continuous time amnesiac Brownian motion (aBm), presented here for the first time, is gener-
alization of RL-fBmn which addresses the Agency Problem. It may be used to simulate processes
with both constant and variable Hurst parameter, i.e., diffusion in heterogeneous and homogeneous,
viscous and viscoelastic fluids. An aBm position process may be written as

1 t 1o
Br(t) = T /0 (t = w) O e (uydu,  t>0 (2.38)

D(Hy(t)
The key difference between aBm and mBm is the use of H (u) in the integrand, as opposed to H (t).
To develop an intuitive understanding of aBm consider a volume of fluid with four regions,
each region containing a different fluid with an storage modulus characterized by the appropriate
corresponding Hurst parameter. From left to right, the respective values of H for each region are,
H =04, H =0.5, H=0.1and H = 0.2. A particle, initially in the first region, is allowed to
diffuse through the fluid and six observations of its location are made. This scenario is illustrated in
Fig. 2.9.

For an mBm process, we would write the position Y,, = Y (nAt) as

Y1 = &1w1 H=04 (2.39)
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Yo = §1wi, g=0.4 + §ow2 g=—04 (2.40)
Y3 = {wi g=o05 + §ow2, p=05 + §2w3 H=0.5- (2.41)

Note that the weights w are a function of H at the particle’s current position. Under an aBm model,

we may similarly write the first three positions as

X1 =& w1, H=04 (2.42)
Xo = §1w1,H=0.4 + §2w2, H—0.4 (2.43)
X3 = & w1, g=0.4 + §2w2 H=0.4 + {2w3 H=0.5- (2.44)

Up to this point, the aBm and mBm processes for this scenario differ only by the third position. At
this point, for the mBm process, Y3 is generated as if the particle had only inhabited the H = 0.5
region, as evidenced by the use of the weights w r7—g.5. According to the formulation of mBm (2.32)

the fourth position should be written as

Yy =& wi g=—01 + §we p=0.1 + §3w3, p=0.1 + {4Ws,g=0.1- (2.45)

Here, an even more extreme change in behavior has happened, the fourth position is calculated
assuming that all previous behavior had happened in the H = 0.1 region. In contrast to mBm, the

fourth position, under an aBm model, is simply

Xy = &rwr,H=0.5 + Law2 H=0.5 + {3W3 H=0.5 + {4Wa, H=0.1- (2.46)

The remaining aBm positions are,

X5 = &1wi,7=0.5 + L2w2, H=0.5 + {3W3, H=0.5 + {aWa, H=0.2 + {5W5, 1H=0.2 (2.47)

Xo = §1w1,H=0.5 + §2wa, H=0.5 + §3Ww3 H=0.5 + §aWa, H=0.2 + §5W5 H=0.2 + §We, H=0.1- (2.48)

The difference in the resulting paths is illustrated in Fig. 2.10 for a single realization of each the

process using the same noise terms, &;.
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Figure 2.9: Illistration of diffusion through a spatially heterogeneous fluid. A particle, beginning in
the first region, is allowed to diffuse through the volume of fluid. Each region exhibits a different
level of memory characterized by their respective Hurst parameters.

0.4 1

0.2 1

—0.2 |
T oa |
—0.6 |

—-0.8 |

—1.2 L

Figure 2.10: Example aBm and mBm paths corresponding to H (t;) presented in Fig. 2.9. Both
paths incorporate the same nose terms. As expected, the position processes are identical for the first
2 steps.
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2.6.2 Simulation Techniques
2.6.2.1 Path Splicing

The path splicing algorithm relies on the assumption that, in nature, the bombardment of the
diffusing particle by the molecules of the surrounding fluid, represented here by the noise term &,
cannot impact the position of the particle for an infinite amount of time, i.e., we assume there exists a

1) such that .
Do Wi
Zij\iwﬂ v ~ 0. (2.49)
This allows us to write the current state of an aBm process as a function of a finite number of previous
states. Adjacent segments can then be “spliced” together by incorporating the noise terms used in
the final ¢ steps of the previous path segment into the initial 1) steps of the next path segment. To

construct a position process of length N made of segments of length a > v, we need only compute

the a x a correlation matrix. The first segment is given by,

{szaw<g & &)mev (2.50)

where V) is the a x a weight matrix of the first segment and § ~ N(0, 1). The elements of the
weight matrix may be specified using any of the RL-fBm methods previously discussed. Here we use
the Discrete Improved weights defined in (2.29). The superscripts on the £ terms indicate that they

are associated with the first segment. Each subsequent segment b # 1 is constructed as follows,

b_ 1 _ _ _
{X}_J/Q(g_}l+1 ﬁ%w Lol g e, ”.$>Vm (2.51)

where ¢ > 1 is a measure of the overlap between adjacent segments. Note that for uniform H, the
correlation matrix for each segment is the same, thus we only need to compute V once. To use this
algorithm to simulate diffusion through heterogeneous media, we simply keep track of the Hurst
parameter along the length of the segment and use this record to build the appropriate correlation
matrix. At each time step where H(t;) # H(t;—1), only the a weights in the final row of V)
need to be calculated.

—~ b
Two adjacent segments, { X }*~! and { X }® are then concatenated as ({ X }*~!, {X} ) where
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(X} = (Xl XD 4 ¢ (2.52)

and

(=Xxr1-XxP. (2.53)
The shift of segment b by ( ensures that the paths are continuous.

2.6.2.2 Modified Discrete Algorithms

Both the Improved Discrete and Exact Discrete algorithms may be modified to efficiently
generate aBm process without resorting to path splicing if the assumption that the impact of noise
increments exhibit a finite duration does not hold. To do so, we only need to keep track of the values
of H associated with each previously time step. Figure 2.11 shows an example aBm path generated

using a modified Improved Discrete algorithm where
. (J2m
H(t;) = 0.4sin N + 0.5. (2.54)

The path has N = 1, 800 steps and inter-observational time At = 1/60 s.
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Figure 2.11: Example aBm path with sinosodial H specified by (2.54). The path was generated
using a modified Improved Discrete algorithm and has N = 1, 800 steps and inter-observational time
At = 1/60's, and D = 0.005 um?s 24,

2.7 Local estimations of H

There are many alternative approaches to simulating exact and approximate fBm processes,
such as the spectral, wavelet-based and Random Midpoint Displacement methods (for an excellent
review, see [63, 64]). However, in this chapter, we have focused on a subset of methods that involve
multiplication of a weight matrix by a vector of noise increments because they naturally give rise to
efficient methods for local estimation of H and D.

Let By (t) be fractional Gaussian noise with Hurst parameter H defined. The position process

of a particle undergoing diffusion may be modeled as

X(t) = 0Bg(t), (2.55)

with inter-observational time At, X,, := X (nAt) and z,, :== X,,—1 — X,,,n =1,2,...N + 1. The

prefactor o is a scaling factor related to the diffusivity as 1/2D = ¢2. The increments are normally
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distributed and the corresponding log-likelihood function, given x and H is

1
ok, H) =

lvfl
{x . ~ + Nlog(o?) +10g(VHI)}, (2.56)

where Vp is the correlation matrix of the increment process. The derivative of (2.56) with respect to

ois
d 1| =22V 'z 2N
ey Hy=--{{— H= = 2.57
L -3 {25 ) .
/V*l N
_ Tt (2.58)
o o
Setting (2.57) equal to zero and solving for o2, we get
lv—l
?=2"787 (2.59)

N

Given this maximum likelihood estimations o, the probability of observing the data is p(x, H|o) =

¢(o|z, H). Substituting & into (2.56), we see

R R 1 x’Vglx 9
p(z,H|o) = L(0|z, H) = -3 ~ + Nlog(c*) + log(|VH|) (2.60)
1 [ N2V;E
= 2T T Niog(52) + log([Vi ) 2.61)
2| 2V,
N . 1
=7 {1 + log(6?) + N log(!VHD} (2.62)

We have the Cholesky decomposition L of Vj such that LL" = V7. We also know that
) 2
Vu| = [L]" = [H L} (2.63)

If we assume that H is constant, then L1 1 = L; ; Vi = 2,3, ... N when using the Improved Discrete

or Exact Discrete weighting scheme. Therefore

\Vi| = (L11)*N (2.64)

34



1 2N
= N log(|Vy|) = N log(L1,1) = 2log(Ly1). (2.65)

A local estimation of H and D can be computed by maximizing (2.60) for a subset of the path.
Here, we have implemented a simple local estimator of H for overlapping neighborhoods of n = 60
steps in width. The algorithm was applied to the path shown in Figure 2.11 where H (t;) varies
sinusoidally. A path with both H (¢;) and D(¢;) defined by step functions was also generated and the

local estimates of H are shown in Figure 2.13 for three neighborhood sizes.

I
Ly —True H

—— Estimated H
0.8
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Figure 2.12: Local estimates of H for the path presented in Figure 2.11. The local estimates are
computed for overlapping neighborhoods of 60 steps.

35



T
0 5 10 15 20 2% 30
tj, [s]
(@)
1073
8
J | i |
CL; wdﬁ.'jﬁﬂﬁ ] Mh‘ , | *N
E | \f”' ‘ ?ﬂ Mw
5 ! "‘
Q 9 ’
o ™ v
0 5 10 15 20 2% 30
tj, [s]
®)

Figure 2.13: Local estimation of an aBm process with variable D and H for three neighborhood
sizes, k. The true value of each parameter is indicated in black.

2.8 Conclusion

In this chapter, we presented five models for the stochastic behavior of a particle undergoing

diffusion. The Weyl-fractional Brownian motion (W-fBm) was motivated by diffusion through
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homogeneous viscoelastic fluids, a scenario that is poorly described by the standard Brownian model.
Analysis of the weighting function for W-fBm showed that noise increments early in the time series
received a disproportionate amount of weight compared to noise increments in the middle of the time
series, a feature that likely has no physical basis for diffusion processes. W-fBm also exhibits what
we termed the Starting Point Problem- the incorporation of memory into the initial increments when
none should exist. To address the Starting Point Problem and the weighting of the noise increments,
Riemann-Liouville fractional Brownian motion (RL-fBm) was introduced. The weighting function
was shown to decrease monotonically, at the expense of non-stationary in the increment process due
to the initial lack of memory.

To model the movements of a particle through a heterogeneous viscoelastic fluid, multifractional
Brownian motion was introduced, however the model was seen to be ill-suited for physical data due
to the discontinuities that arise when switching between regions characterized by different elastic
moduli. We introduced the Agency Problem to highlight the way in which information is passed from
regions with different properties. In an effort to address the Agency Problem in a manner motivated
by the underlying physical processes at work, amnesiac fractional Brownian motion was proposed.
Simulation methods, example paths, and an outline to parameter estimation for aBm processes were
provided.

Accurately modeling the diffusive movement of particles through heterogeneous viscoelastic
fluids is critical for the accurate simulation of particle movement and subsequent investigation of key

parameters such as first passage times distributions discussed in chapter 5.
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CHAPTER 3
Dealing with Drift

Whereas the previous chapter discussed simulation techniques for diffusive processes given
model parameters, here we discuss approaches to estimating those parameters given a particle’s dif-
fusive position process. We advocate for a fully parametric description allowing for a direct estimate
of the model parameters from the position process as opposed to the mean squared displacement of

the position process, the current standard.

3.1 Introduction

Particle tracking microrheology focuses on the movement of tracer particles embedded in
the fluid of interest, while “native” microrheology analyzes the motion of native fluid or cellular
constituents in situ [66—70]. For a thorough review of cell-based microrheology applications, the
reader is referred to the excellent reviews by Weihs et al. [35] and Gal et al. [71]. Particle tracking
microrheology can be subdivided into passive [12, 23, 72-75] and active [76—78], depending on
whether the particles are manipulated by an external force. Two-particle, also known as two-point
microrheology [79-82], focuses on the auto- and cross-correlations of particle pairs as a means to
screen uniform drift or to screen the modified fluid properties due to chemical interactions of the
probe particle with the surrounding fluid. Faithful inference of the linear viscoelastic properties of a
fluid via single particle passive microrheology requires that particles are sufficiently dispersed and
have neutral chemical interactions. Passive microrheology is also used to infer the diffusive mobility
of foreign particles of diverse size and surface chemistry, especially for biological applications such
as diffusion of drug carrier particles through mucus barriers. Uniting all of these applications of
passive microparticle microrheology is the analysis of the mean squared displacement (MSD) of a
tracked particle in order to estimate either the particle’s diffusive transport properties or the physical

viscoelastic properties of the particle’s local environment [1, 4-6, 71]. The analysis of the MSD
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in this context stems from the seminal work of Einstein [37] for viscous fluids where the MSD
scales linearly with time, and the pre-factor gives a direct inference of the fluid viscosity given the
temperature and hydrodynamic diameter of the probe via the Stokes-Einstein relation.

The primary application that motivates this work is the determination of the viscoelastic prop-
erties (linear, dynamic storage and loss moduli) of biological soft matter, which directly involves
the MSD of tracked particle paths using the Mason-Weitz protocol [1, 73] (discussed in Section
1.1.2). Video microscopy, in combination with passive microparticle tracking (MPT), has been used
to explore the physical properties of a wide range of mucus biogels, including cervicovaginal [27,
83, 84], pulmonary [23] and gastrointestinal [85-87] mucus. Often in passive MPT experiments, an
observed particle exhibits drift, a persistent, inadvertent, driven motion due to convection, movement
of the optical stage [88, 89], or some other source, and is superimposed on the particle’s diffusive
increment process. In active biological fluids such as living cells where native DNA domains are
fluoresced and tracked, the cells may translocate, such as with budding yeast. In viral trafficking
within cells, the virus may hijack directed motion along microtubules. Since drift can significantly
alter the MSD of a tracked particle, and thereby distort the inference of the viscous and elastic moduli
of the particle’s local environment [1, 90] as well as distort the inferred mobility, the question arises
as to how drift should be accounted for in the analysis of MPT data.

In the case of optical stage drift, each particle in the field of view exhibits the same magnitude
and direction of movement. Thus, if enough particles are present, the driven motion may be removed
by estimating the ensemble average movement of the particles within the field of view and subtracting
this from each particle path [90]. Other scenarios pose a more difficult challenge due to the potential
for temporal and spatial heterogeneity in the driving force. In highly heterogeneous biological
fluids such as mucus, differential heating caused by the microscope’s lighting element may create
small-scale convective flow within the fluid volume; regions of high elasticity, due to locally elevated
protein concentrations, may cause some particles to appear immobile while neighboring particles are
clearly undergoing net transport due to convective flow. In this scenario, if one were to subtract the
ensemble-averaged movement of the particles in the field of view from each particle path, one would
be subtracting directed motion from the more mobile particles and adding directed motion to the
less mobile particles. To avoid this issue, it has been suggested that drift should be estimated and

removed from each path individually [73].
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We point out that the debate over the optimal way to remove drift assumes that directed motion
needs to be removed in order to analyze the underlying diffusive process. Historically, this approach
is natural because of the need to determine the scaling of the ensemble particle MSD due to purely
diffusive dynamics [37, 71, 75, 91], which is often extremely sensitive to drift [92]. In this chapter,
we take a different approach and show that deterministic drift does not need to be removed from
the particle path data to determine the MSD statistics if one posits and exploits a fully parametric
statistical model for the underlying diffusive process. This will clearly be the case for diffusion in a
simple viscous fluid, but we further show, using numerical simulations, that this is also the case for
sub-diffusive processes that have been demonstrated to be accurate models for diffusion in mucus
gels [23, 25] and other biological soft matter [93, 94]. That is, we show that for simple diffusion and
fractional Brownian motion with a sub-diffusive scaling typical of mucus gels, one can easily estimate
the diffusive model parameters from MPT data with drift via a maximum likelihood approach that
does not attempt to estimate the MSD directly. From these parameter estimates it is straightforward
to generate the MSD of the purely diffusive dynamics and thereby deduce the dynamic viscoelastic
moduli by the Mason-Weitz protocol. We illustrate the procedure with numerical simulations for
a range of drift components relative to the diffusive mobility. We furthermore show the errors in
dynamic moduli if one uses standard ordinary least squares fitting of the MSD with and without
removal of the drift.

The structure of this chapter is as follows: first, we discuss drawbacks of a reliance on MSD-
based analysis. We then introduce a simple model for particle diffusion accounting for drift and
provide details on simulating particle paths in accordance with this model. Next, we review two
MSD-based approaches to the recovery of diffusive parameters and present our increment process-
based method. These three methods are then compared by applying them to simulated data sets

where the drift has been tuned to span experimentally observed values.
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3.2 Mean squared displacement

Given observations X (0), X (At), X (2At), ..., X (M At) of a particle’s position, the MSD statis-

tic is calculated as,

M—i

1 .
(r;)? = Sy > X (iAt + jAL) - X (jAL)] (3.1
j=0

where 7 = At is known as the lag time and At is the inter-observational time. For many diffusive
processes, theory and observation suggest that the MSD of particles undergoing diffusion exhibits a

power law scaling [4, 11, 23, 26, 95, 96]:
(r)2 = 2D7 (3.2)

where the prefactor D is the diffusivity and « is a unitless real number on the interval [0, 2]. For a
Brownian model, we have o = 2H, thus for standard Brownian motion without drift, the power-law
exponent is a = 1 or, equivalently, H = 0.5. However, Weihs et al. [92] rigorously illustrated via
simulated Brownian motion that linear (i.e., constant) drift causes a plot of the MSD versus lag time
T to tend toward a slope of 2 at large lag times. That is, as 7 increases, H — 1 and the larger the
drift velocity, the smaller the lag time at which this transition occurs (Figure 3.1).

When one attempts to correct for directed motion by subtracting the mean displacement, one
inadvertently changes the structure of the entire particle path by forcing it to begin and end at the
same location in space. The resulting impact is more extreme at longer times, potentially altering
one’s understanding of the underlying stochastic process. Before showing why subtracting the mean
displacement from a particle path has this effect, it is worth recalling that the displacements of a
particle diffusing via Brownian motion are normally distributed. If X; = X (iAt) is the location
of such a particle at time ¢At and i = 1,2, ..., M, the displacements are given by z; = X;+1 — X;.
The distribution of z; is expected to have mean At and variance 2D At where i is the drift velocity.
When no drift is present, the mean of x;, denoted &, converges to zero as the number of particle
positions increases, i.e., as M — oo. The fact that the distribution of z; is symmetric with Z
converging to zero intuitively indicates that the particle is expected to make an equal number of steps

to the left and right. This however, is not to say that a particle diffusing via Brownian motion never
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travels a net distance. The net distance is £ and when we subtract Z from each displacement, x;, we
center the distribution of x; at zero, inadvertently stipulating that the first and final positions of the

particle are equivalent (Figure 3.2). To see this, consider , the mean of x;,

1 M—-1
z— >z (3.3)
M—1 4

Z is subtracted from each increment to “remove drift,” centering the distribution of displacements
at zero. The resulting modified position process is computed by taking the cumulative sum of the

shifted increments, denoted by X i

X=X,
X2:X1+(IL’1—§7)

X3:X1+(.%'1—.f‘)+(:(}2—3_?)

M-—1
Xu=X1—-(M-1)z+ >
=1

The equation for the final position may be simplified further:

N = M-1
XM:Xl—(M—l) x; + X; (3.4)
M-1 i=1 i=1
M-1 M-1
=X1— ) wi+ ) w (3.5)
i=1 i=1
= Xy, (3.6)

and thus we see the final position is equivalent to the initial position.

An additional drawback of a MSD-based approach to diffusive parameter estimation is the
unreliability in the MSD at large lag times. As the lag time increases, the number of displacements
included in the mean of the squared displacements decreases and thus becomes less stable. Weihs
et al. [92] estimate that only the initial two-thirds of the MSD is statistically reliable. Due to

experimental factors limiting the ability to collect data over long time scales, the uncertainty in
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the MSD for large lag times can have a pronounced impact on the accurate recovery of diffusion

parameters.
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Figure 3.1: Pathwise MSD for simulated Brownian (a) and subdiffusive (b) particles. Drift is
parameterized by the ratio of the drift velocity u to diffusivity, and is denoted by A. Twenty
representative MSD curves are shown for each value of A. The black and red dashed lines indicate
slopes of 1 and 2, respectively. The subdiffusive paths are simulated with H = 0.3 and thus appear
subdiffusive (slope < 1) for small A.
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Figure 3.2: Impact of drift-subtraction on the distribution of displacements and MSD. The distribution
of displacements (a) is shown at 7 = 5 s for a single particle path exhibiting drift of relative magnitude
A =20 s2H wm ™! before (green) and after (violet) drift subtraction. Before drift subtraction, the
mean of the distribution of displacements (solid green line) is 9.4 x 10~3 xm, 20 times the particle’s
diffusivity. Subtracting drift centers the distribution at zero (solid violet line). The MSD is shown
for 20 representative paths (b) with drift of relative magnitude A = 20 52/ ym~! before and after
dirft-subtraction. The ensemble average parameter values based on an ordinary least squares fit to the
dift-subtracted MSD are H = 0.299 and D = 9.37 x 10~* um?s~2 | The true parameter values
are H = 0.3 and D = 4.67 x 10~ ym?s—2H,
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Figure 3.3: Complex viscosity, 1’ (a) and the dynamic storage, G’ (b), and loss, G” (c), moduli for
Brownian data for varying levels of linear drift parameterized by A.
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3.3 Fractional Brownian motion and drift

Lysy et al. [25] employed Bayesian model comparison techniques to show that Weyl fractional
Brownian motion (W-fBm) and a generalized Langevin equation with long memory spectrum are
equally valid models for the movement of micron-scale particles in human bronchial epithelial (HBE)
mucus, a known viscoelastic biological fluid [23]. For simplicity, we opt to use a fBm model. Under
this model, a particle’s increment process z(t) can be written as a net motion ut plus a scaled noise
term, W (t),

x(t) = pt + 2DWg(t). (3.7)

The noise term, Wy () represents a zero-mean Weyl fractional Gaussian process with initial condition
W (0) = 0. Calculating the discrete displacements x; provides a simple way to estimate the drift
exhibited by a particle since E[z;] = pAt, just as for a Brownian process. To generalize our analysis,

we choose to focus not on , but on the ratio of the drift to the diffusivity of the particle,

A="—. (3.8)

Diffusivity is reported in units of zm?2s~2, therefore A has units s> ym=!. A = 1 s2#ym~!

corresponds to directed movement at each time step equal to the numeric value of the diffusivity.

3.4 Simulation design

To generate a particle path exhibiting linear drift and W-fBm dynamics, we first generate the
increment process for W-fBm without drift using the direct algorithm described in Section 2.3.2.1,
then add the desired drift to the path. Using this method, two sets of simulated data are generated. The
first set is subdiffusive with Hurst parameter H = 0.3 and diffusivity D = 4.67 x 10~*um?s2,
mimicking the estimated parameter values based on experimental observations of 1 ym diameter
particles in 4 weight percent (wt%) human bronchial epithelial (HBE) mucus [23]. See chapter 6
for further discussion of HBE mucus. The second data set exhibits standard Brownian motion with
H =0.5and D = 4.67 x 10~*m?s~!. Each simulated path is generated with a temporal resolution

of f =5 fps and a length of M = 2992 steps, mimicking experimental conditions. Linear drift with
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relative magnitude A is added to the simulated paths by computing the displacements, adding DA to
each element, then taking the cumulative sum of the result. The fBm position process with linear

drift is therefore given by,

J
X; =) xi+ DA (3.9)

1=
To generate simulated paths with drift equivalent to experimentally observed values, 100 simulated

paths are generated for A spanning the interval [0, 20] in increments of 0.5 s/ ym~!

, resulting in
4,100 simulated fBm paths (/{ = 0.3) and 4,100 simulated Brownian paths ({ = 0.5). These data
sets will be referred to as the fractional Brownian motion (FBM) and Brownian motion (BM) data
sets. The MSD as a function of A is shown in Figure 3.1. The Generalized Stokes-Einstein relation
(1.12) was applied to the observed scaling of the increments and used to calculate the path-wise

complex viscosity and dynamic storage and loss moduli. The impact of drift on these parameters is

shown in Figures 3.3 and 3.4.

3.5 Approaches to parameter estimation

We consider three approaches to diffusive parameter estimation,

Naive LS The naive ordinary least squares (NLS) approach estimates D and H from the scaling of
the observed MSD given by (3.1), assuming no drift is present. The goal is to minimize the

objective function,
M

Z(yi — ¢ —2Ht;)?, (3.10)

=1

for the model parameters c and H where,
yi=M[(r;))?,  ¢=I2D], t; =In[r). (3.11)

Lety = (y1,v2,...ynm) and t = (t1,t2,...tpr). We assume that the values y; are normally
distributed with mean f(¢;, 0) and variance 0, where § = (¢, H). Therefore the probability of

observing y; given f(;,6) and ¢ is expressed as
Pyl f(ti,0),6) = N(yil f(ti,0),0). (3.12)
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The likelihood function of observing all the data points y, given all of the inputs ¢, is

M
L(t,0,0y) = P(y|t,0,6) = [ [N (wil £ (£:,0),0), (3.13)
i=1
with corresponding log-likelihood function,
1Y M M
log[L(t, 6, 8]y)] = log[P(ylt, 0, 0)] = — > (f(t,0) —y1)2+7 log(6~") — - log(2).
i=1

3.14)
We recognize that maximizing the above log-likelihood function is equivalent to solving the
standard least squares regression problem. If we compute the partial derivatives with respect

to 6 and set them equal to zero, we get

M
0log[L]
= 2Ht; — y;) = 1
o ;(c—{— ti—yi) =0 (3.15)
dlog[L] M ' N
o == > (e+2Ht; — yi)ti =0, (3.16)

1

<.
Il

which can be rearranged into the system of equations

TO=Y (3.17)
where,
M M My
T=| Z; ‘| and Y= ZA;—l ol (3.18)
Zz‘:l ti Zi:l t? Zi:l Liyi

The maximum likelihood parameter estimates are then given by
0= H) = (T'T)'T'Y. (3.19)

Drift-subtracted LS The drift-subtracted ordinary least squares approach (DLS) subtracts the mean
of the distribution of displacements & from each increment z;, centering the distribution of

displacements at zero, before applying the approach described above for naive estimation.
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Full model MLE This approach applies maximum likelihood estimation to (3.7) to estimate p, D
and H directly from the raw data without estimating the MSD statistic. (3.7) specifies that the

increments x; have a multivariate Gaussian distribution,
z; ~ N(uAt,o?Vi),  o*[Vilij = ACF.(|i — j|), (3.20)

where ACF, is given by (2.5) and ¢ = 2D. The likelihood function is thus £(f|z) =
p(x|6) and the MLE of the model parameters 6 = (u, o, H) is = argmaxyL(0|x). The
three-dimensional optimization problem can be reduced to a one-dimensional problem by

maximizing in (u, o) for fixed H. That is, let
y= [VH]_I/Qx, and 2z = At[VH]_l/QlM, (3.21)

where 1)y = (1,1,1,...1). Moreover, the likelihood function Lz (u,o|z) for fixed H is

identical to the one for the linear regression model,
yi=pzit+ea e ~N(00d2). (3.22)

Therefore, the values (fig, o) that maximize Lg (i, o|x) are

Ha =

~ 1/2

Mz . SV (yi — i zi)? 103

W7 OH = M . (3.23)
i=1%;

The MLE of H for (3.7) is then obtained by maximizing the one-dimensional profile likelihood
function

Lorof(H|x) = L((m, (0w, H|x). (3.24)

Specifically, we have H = argmax mlprot(H|z) where the profile log-likelihood function is

Corot(H|x) = log (Lprof(H|z)) = —1/2 [Mlog(c%) + log(|Vi|)] - (3.25)
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We note that for arbitrary variance matrix V, the linear systems in (3.21) are obtained in
O(M?3) operations. However, since V7 is a Toeplitz matrix [97], the systems can be solved in

O(M?) operations using the Durbin-Levinson algorithm [98, 99].

Much like the least squares (LS) approach involving the sample MSD, the maximum likelihood
approach we have described hinges on a linear regression approach. However, whereas the LS
approach estimates the drift only once, the MLE estimates the “optimal” drift and diffusvity for
every value of H. That is, the LS estimate of the drift by = would be optimal if the increments were
uncorrelated whereas the MLE approach estimates the drift by a weighted average of the increments

1 that accounts for their correlation.

3.6 Results

3.6.1 Simulated data

For each simulated path, we compute the path-wise MSD given by (3.1). To estimate the viscous
and elastic moduli, we follow the work of Mason and Weitz and transform the MSD using the
generalized Stokes-Einstein relation given by (1.12). When comparing the moduli of the simulated
data, we consider three scenarios: (1) application of the GSER to the observed MSD without
accounting for drift, i.e., the Naive approach, (2) application of the GSER to the observed MSD after
centering the distribution of displacements, i.e., the Drift-subtraction approach, and (3) application of
the GSER to the MSD calculated from the maximum likelihood estimates of D and H assuming (3.2)
holds, i.e., the Parametric approach. This key assumption is afforded by the use of a fully parametric
model for the diffusive dynamics.

Figures 3.5 and 3.6 show the estimates of the dynamic storage, G’, and loss, G”, moduli for
the BM and FBM data sets when A = 20 s*// ym~!. For both the B™M and FBM data sets, the Naive
approach, ignoring the presence of drift, results in highly erroneous predictions of G’ and G”. When
the drift is subtracted by centering the distribution of displacements, the predicted moduli more
closely match the true moduli, however at low frequencies the estimations are corrupted by noise.
Applying the GSER to the MSD predicted by (3.2), as opposed to the observed scaling of the MSD,

produces a more consistent estimate of each moduli across the frequency spectrum.
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Figure 3.5: Dynamic storage, G’ (a), and loss, G” (b), moduli for the BM data set without drift
subtraction (Naive), with drift subtraction (Drift-sub.) and based on the parametric scaling of the

MSD (Parametric). Ensemble averaged results over 100 paths are shown for A = 20 suym™".
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Figure 3.6: Dynamic storage, G’ (a), and loss, G (b), moduli for the FBM data set without drift

subtraction (Naive), with drift subtraction (Drift-sub.) and based on parametric scaling of the MSD

(Parametric). Ensemble averaged results over 100 paths are shown for A = 20 sym™!.

The errors in the estimation of G’ and G” for the BM data set are reported in Figures 3.7 and
3.8. For G”, the relative error is reported as a function of frequency w, i.e., the difference between
the estimated and true value of G”, divided by the true value of G” at each frequency. For G’, an
absolute error is reported as a function of w since, for Brownian motion, the expected value of the
storage modulus is zero.

Figure 3.7 contains three panels with each panel corresponding to one of the three approaches to

estimating G, Naive, Drift-subtracted and Parametric. In each panel, all of the data from the three
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Figure 3.7: Absolute error in the estimation of G’ from the BM data set using the Naive (a), Drift-
subtracted (b) and Parametric (c) approaches. The data are shadded from blue, representing no drift
(A = 0 sum™1), to red, representing maximum drift (A = 20 spm™1).

estimation approaches are shown, however only data from one of the three approaches is presented
in color. In Figure 3.7(a) for example, the error resulting from the Naive approach is presented
in color, while, to facilitate comparisons, the error from the Drift-subtracted and Parametric data
are presented in gray. The color of the Naive data ranges from blue, corresponding to no drift, i.e.,
A = 02" ym™1, to red, corresponding to maximum drift, i.e., A = 20 s> yum~'. Tt is apparent

from Figure 3.7(a) that the error in the estimation of G’ is a function of A. The data also indicate
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Figure 3.8: Relative error in the estimation of G” from the BM data set using the Naive (a), Drift-
subtracted (b) and Parametric (c) approaches. The data are shadded from blue, representing no drift
(A = 0 sum™1), to red, representing maximum drift (A = 20 spum™1).

that for small A, error at low frequencies can be significant. As the amount of drift increases, i.e.,
as A gets larger, signified by the transition in color from blue to red, the amount of error at low
frequencies decreases. In general, the amount of error resulting from the Naive estimation of G’ is
directly proportional to frequency and inversely proportional to drift.

Error in the Drift-subtracted and Parametric estimations of G’ from the BM data set are high-

lighted (in color) in panels (b) and (c) of Figure 3.8, respectively. For both approaches, the distribution

54



10° 10!
w, [Rad s 1]
(a)
10? puur— T . 10% g — ]
10" | E 10" | E
B 1B ]
< 1 1
| 100 E |10 E
o] 1 ]
1071 $ 1071 g :
= | : ! Lol :
10° 10! 10° 10!
w, [Rad s7!] w, [Rad s7']
(b) (©

Figure 3.9: Absolute error in the estimation of G’ from the FBM data set using the Naive (a), Drift-
subtracted (b) and Parametric (c) approaches. The data are shadded from blue, representing no drift
(A = 08?7 ym™1), to red, representing maximum drift (A = 20 7 ym~1).

of blue and red data indicate that the error in G’ is independent of A. Similar to the Naive method,
the Drift-subtracted method exhibits significant error at low frequencies and a complicated depend on
w over the observed frequency range. By contrast, the Parametric method offers a stable prediction
of G’ with error linearly related to frequency.

In Figure 3.8, the relative error in the estimation of G’ is reported for each method. Once again,

each panel contains all of the data, but only data from one approach is presented in color. The error in
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Figure 3.10: Relative error in the estimation of G” from the FBM data set using the Naive (a),
Drift-subtracted (b) and Parametric (c) approaches. The data are shadded from blue, representing no
drift (A = 0 s yum™1), to red, representing maximum drift (A = 20 s27 ym~1).

the Naive estimates of G” is a complex function of A and, similar to the error in G’, is extreme at low
frequencies when no drift is present. Increasing drift mitigates low frequency error at the expense
of increased error over the rest of the frequency spectrum. Error in the middle of the frequency
spectrum for the Drift-subtracted approach is approximately 10%, however more extreme values
are observed at low frequencies. While the absolute error in G’ is directly proportional to w for the

Drift-subtracted and Parametric approaches, an inverse relationship is generally observed for G”.
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The absolute and relative error in G’ and G” based on the three estimation approaches is
presented in Figures 3.9 and 3.10 for the FBM data set. As expected, only the error from the Naive
approach is impacted by drift.

The Naive Least Squares (NLS), Drift-subtracted Least Squares (DLS) and full model maximum
likelihood (MLE) parameter estimation approaches described in Section 3.5 were applied to each
simulated data set. Estimations of the Hurst parameter H as a function of drift are shown in Figure
3.11 and the corresponding estimates of the diffusivity D are presented in Figure 3.12. The NLS
estimation of H and D is strongly impacted by drift. As A increases, H converges to 1, as expected
based on the simulation results presented in Figure 3.1. The NLS estimate of the diffusivity has a
non-linear dependence on A, initially underestimating, and later overestimating D. In contrast, both
the DLS and MLE estimates of D and H are independent of A and exhibit a similar level of accuracy,
however MLE is the more precise estimator.

Using the Naive, Drift-subtracted and Parametric approaches, the relative error in the recovery
of the fluid’s viscosity was calculated via the Stokes-Einstein relation (1.1) and Generalized Stokes-
Einstein relation (1.12) (Figure 3.13 and 3.14). Although both the Drift-subtracted and Parametric
approaches are independent of A, the Parametric approach is able to recover the fluid’s viscosity with

approximately one-third the error of the Drift-subtracted approach.
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Figure 3.11: Estimated values of H using the Naive Least Squares (Hnrs) and Drift-subtracted
Least Squares (Hprs) method applied to the MSD and the parametric MLE (Hpyyg) method applied
directly to the increment process. Estimated values are shown as a function of A for the BM (a) and
FBM (b) data sets. The horizontal red line indicates the value of H used to generate the simulated
paths in each data set.
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Figure 3.12: Estimated values of D using the Naive Least Squares (Dnrs) and Drift-subtracted
Least Squares (Dpys) method applied to the MSD and the parametric MLE (Dyg) method applied
directly to the increment process. Estimated values are shown as a function of A for the B™m (a) and
FBM (b) data sets. The horizontal red line indicates the value of D used to generate the simulated

paths in each data set.
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Figure 3.13: Relative error in estimates of 1 given by the Stokes-Einstein equation for the BM data
set. The mean error for each approach is Naive- 39.5%, Drift-subtracted- 11.1% and Parametric-

3.6%.
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Figure 3.14: Relative error in estimates of 7 given by the Stokes-Einstein equation based on the three
approaches for the FBM data set. The mean error for each approach is Naive- 65.9%, Drift-subtracted-
8.34% and Parametric- 2.9%.

3.6.2 Experimental data

In this section, we analyze twenty-two representative 1 ym diameter particle paths in 4 wt%
human bronchial epithelial (HBE) mucus, a fluid previously shown to exhibit viscoelastic properties
[23]. The ensemble-averaged predicted storage and loss moduli based on the Naive, Drift-subtracted
and Parametric approaches all confirm the presence of viscoelastic characteristics (Figure 3.15).
Relative to the Parametric estimate, the Naive and Drift-subtracted approaches indicate elevated
elasticity over the majority of the frequency spectrum and depressed viscosity at high and low
frequencies.

We now turn to the estimation of H and D, and consider the ratio of the NLS and DLS
predictions versus the MLE predictions for each parameter. In Figure 3.16, the estimated values of H
are presented in panel (a). The MLE estimates of H are shown along the x-axis and the NLS and DLS
estimates are shown on the y-axis. The domain of each axis is [0, 0.5] and a dashed line indicates the
diagonal. Each data point represents the predicted parameter value for one of the 22 paths. A data
point on the diagonal indicates that the MLE and NLS (or DLS) estimates agree for that experimental

particle path. A data point above the diagonal indicates that the NLS (or DLS) method overestimated
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Figure 3.15: Ensemble average estimates of the dynamic storage, G’ (a), and loss, G” (b), moduli for
twenty-two 1 pm diameter particles in 4 wt% mucus.

H compared to the MLE approach. Conversely, a data point below the diagonal indicates the NLS
(or DLS) method underestimated H compared to the MLE approach. The size of each data point is
directly proportional to the drift exhibited by the corresponding particle.

In Figure 3.16(a) we see the DLS and MLE approaches exhibit strong agreement in their
predictions of H, as evidenced by the distribution of the data points (cyan) along the diagonal dashed
line. In contrast, the NLS estimates of H (black) fall above the diagonal, indicating an overestimation
of H relative to the MLE estimates. The amount of overestimation is directly proportional to the
amount of drift in the experimental data (larger markers are further from the diagonal than smaller
markers).

Figure 3.16(b) presents the estimations of the diffusivity D. All data points fall above the
diagonal, thus both the NLS and DLS approach estimate larger values of D compared with the MLE
approach. Here, the amount of overestimation is inversely proportional to the amount of drift (larger
markers are closer to the diagonal). We note that this is not a scenario observed in the simulated
data. Returning to Figure 3.12, we see that the only time the NLS estimates of D are in increasing
correspondence to the MLE estimates with increasing drift is when the NLS method underestimates
D and A is approximately between 5 and 10 s>/ ym~. Furthermore, according to Figure 3.12, the
DLS estimate of D relative to the MLE estimate should be independent of A. We hypothesize these

incongruencies between the simulated and experimental data may be the result of non-linear drift.

60



2 ‘ —
0.4 [ E’_‘ //// |
L g
3 :

= 02| , = |

L oNLS

Q oDLS
0 a | | L |
0 0.2 0.4 1.5 2
Hyvig Dy, [Mm2572H']10_3

() (b)

Figure 3.16: Ratio of the NLS and DLS predictions to the MLE prediction of the Hurst parameter
H (a) and diffusivity D (b) for 1 um diameter particles in 4wt% mucus. The size of the marker is
proportional to the amount of drift exhibited by each particle.

3.7 Conclusion

Persistent linear drift over the course of a particle path is compounded at large lag times, resulting
in a bending of the MSD toward a slope of 2, i.e., H — 1. Directly estimating D and H from the
scaling of the MSD using standard least squares (LS) estimation techniques without accounting for
drift is highly erroneous. As the magnitude of the relative drift A increases, the slope of the path-wise
MSD increases to 2 at increasingly smaller lag times, causing the LS estimate of H to converge to 1.
By subtracting the mean displacement of each particle from the particle’s path, thereby centering the
distribution of displacements at zero, the LS estimate of each parameter is more stable, however the
correlation in the increment process caused by the calculation of the displacements over increasingly
large windows is not sufficiently addressed and error in the estimation of the diffusive parameters is
on the order of 10%.

To address this issue, we advocate for a parametric maximum likelihood based approach that
incorporates a parameter p while fitting D and H. We demonstrate on numerically generated
particle paths with physically relevant diffusive parameters that the use of the parametric maximum
likelihood approach recovers H and D with approximately 1/3 of the error of the drift-subtracted
least squares approach. Furthermore, this gain in accuracy has been demonstrated for both standard

Brownian dynamics as well as fractional Brownian dynamics typical of many experimentally observed
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subdiffusive processes. Finally, we applied each approach to experimental data obtained from 1 um
diameter particles in 4wt% HBE mucus and considered the relative magnitude of each approaches
estimated parameter value. We observe a divergence between the maximum likelihood and naive
estimates of A with increasing drift, while the maximum likelihood and drift-subtracted estimates
exhibit strong agreement independent of drift. A more complex relationship is observed in the
relative estimates of D. Here, the experimental data suggest that the correspondence between the
parameter estimation techniques is directly proportional to the amount of drift.

While we have only considered linear drift, the proposed approach may be easily adapted to
non-linear drift by replacing the drift parameter p with an appropriate functional form. Overall, the
proposed method demonstrates promise for the more accurate recovery of diffusive parameter values

in the presence of drift in both viscous and viscoelastic fluids.
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CHAPTER 4
Methods for the Quantification of Heterogeneity

Many biological fluids are known to exhibit heterogeneous properties. In this chapter we present
an algorithm adapted from the Machine Learning community for the analysis of path data from
passive particle tracking microrheology that yields a quantitative characterization of diffusion in
heterogeneous complex fluids. The utility of this algorithm is demonstrated on both simulated and

experimental data’.

4.1 Introduction

Passive particle tracking microrheology (PPTM), whereby the diffusive movements of tracer
particles are used to infer the viscous and elastic moduli of the local environment, is an increasingly
common method of fluid characterization [1]. Traditionally, the analysis of PPTM data relies on the
ensemble averaging of individual path statistics derived from the observed increment process. For
homogeneous fluids, this practice is admissible since, if all particles are probing the same environment,
the increment process will follow a Gaussian distribution. The material parameters are then inferred
from the scaling of the variance with lag time of this distribution. Spatial heterogeneity however, is
often found in biological fluids across multiple length scales. When spatial heterogeneity is present,
different particles probe different environments, and although the step-size distribution of individual
particles follows a Gaussian distribution (if it was sampling a homogeneous region), the ensemble
distribution of displacements for a collection of particles will be non-Gaussian. Heterogeneity can be
measured by the deviation of the ensemble distribution of displacements from a Gaussian and several

metrics exist within the literature based on this idea. In this chapter we present methods adapted

!This chapter is based on an article in the journal Soft Matter. The original citation is as follows: Mellnik J.,
Vasquez, P. A., McKinley, S. A., Witten, J., Hill, D. B. & Forest, M. G. Micro-heterogeneity metrics for diffusion
in soft matter. Soft Matter 10, 7781-7796 (2014) - Reproduced by permission of The Royal Society of Chemistry
http://pubs.rsc.org/en/content/articlelanding/2014/sm/c4sm00676c#!divCitation.
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from the statistics and machine learning communities that simultaneously detect heterogeneity and
divide the path data into clusters based on the distribution of the statistic of choice.

We are also interested in predictive consequences of heterogeneity beyond the timescales of
experimental observations, which requires a final model fitting step. For most biological soft matter,
which, unlike simple viscous fluids, posses viscoelastic relaxation modes and thereby exhibit memory
in the diffusive path data, there are few models for which a rigorous diffusive transport theory has
been derived from first principles. The list shortens if one requires that the MSD scaling behavior
and other statistical properties are exactly solvable. The rare model systems with these criteria
include the Rouse model for dilute, monodisperse polymer melts, and the Zimm model that couples
solvent hydrodynamic interactions to the Rouse model. Rubinstein and Colby [100] and Cai et al.
[101] provide excellent discussions of scaling behavior associated with models for semi-dilute and
entangled polymers. These first-principles models yield anomalous sub-diffusive, MSD scaling
behavior with exponenets 1/2 and 2/3 on intermediate timescales, followed by convergence to simple
diffusion and MSD power-law exponent of 1 at long time scales.

Complex biological fluids are typically composed of diverse molecular constituents, exhibiting
active and repulsive interactions. Electrostatic interactions between tracer particles and soft matter
can significantly alter particle diffusion [102]. This observation has been extensively explored in the
context of particle-based drug delivery through mucus barriers in the lung [103]. For such biological
soft matter systems, there is no rigorous theory to guide model selection beyond the ideal systems
noted above, whereas PPTM data in biological fluids such as pulmonary mucus [23] yields MSD
power-law exponents that span the entire interval [0, 1].

Thus, until such time that a rigorous theory exists of diffusive properties of complex biological
fluids and the effects of probe-fluid interactions, even for homogeneous complex fluids, the analysis
of the particle path data must be performed by statistical methods with minimal assumptions of the
underlying models to discern among different fluids and different particles in a given fluid. That
is the perspective taken here in regard to the first two goals of heterogeneity detection among the
ensemble of paths and clustering of the paths.

There are, nonetheless, ad hoc stochastic models that share several key features of the PPTM
data in biological fluids. These include fractional Brownian motion [104] and generalized Langevin

equations with special memory kernels [1, 105-107]. The proper statistical approach, given a
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candidate list of potential models, is to rank the likelihood that the observed data arise from each
model. Lysy et al. provides a rigorous protocol for model selection as applied to PPTM data [25].

In the next section we review the current best practices in PPTM at the level of detection of
statistically significant heterogeneity without reference to a particular diffusive model. We emphasize
that the techniques of data analysis discussed here are novel only in their application to PPTM data.

Many researcher teams have used PPTM data analysis to infer the degree of heterogeneity of soft
biological materials [11, 12, 74, 108—114]. These efforts span two broad categories: one based on
the “Gaussianity” of the distribution of particle displacements and the second on the statistics of the
individual particle mean squared displacement (iMSD). The new protocol presented here combines
standard machine learning techniques, such as the Expectation Maximization algorithm [115] and
hierarchical clustering [116], to identify statistically distinct clusters based on the distribution of
particle path statistics, without reference to the stochastic process that generated the paths. These
techniques rely on two relatively weak assumptions: that each path has Gaussian increments and that
the process generating each path is stationary. The resulting semi-parametric protocol is consistent
both with a large number of stochastic processes and with current approaches to heterogeneity
detection in the literature.

Once the particle paths have been assigned to statistically distinct clusters, we then consider the
inverse problem of fitting the paths in each cluster to models for simple and anomalous diffusive
processes. Unlike simple diffusion where the MSD grows linearly with lag time (7), anomalous
diffusion is described by the more general power law, MSD ~ 72/ with 0 < H < 0.5. Anomalous
diffusion has been found in many biological contexts; diffusion of 1m diameter particles in human
bronchial epithelial mucus [23], diffusion of biopolymers inside cells [47], bacteria chromosomal loci
[117], movement of lipids on model membranes [118], protein diffusion in organellar membranes
[119] and in the nucleoplasm [120]. Model fitting of cluster members to candidate models for the
underlying stochastic process and intra-cluster pooling of fitting results affords predictive power for
elusive experimental properties such as passage times, as illustrated in Hill et al. [23], and discussed
in Lysy et al. [25].

In the next section, we start by summarizing existing metrics for the detection and assessment
of heterogeneity in PPTM data. In Section 4.4 we describe our metrics that have precedent in the

statistics and machine learning communities and compare them with best practices on numerically
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generated data. In Section 4.5 we apply our metrics to numerically generated and experimental data,
beginning with systems where the heterogeneity is controlled in order to illustrate the precision of our
tools. We close with application of these metrics to particle data in an agarose solution, an oft-used
simulant for biological gels which is typically heterogeneous, and finally to particle data in human
bronchial epithelial cell culture mucus. In the last two experiments, the degree of heterogeneity is not
know a priori representing the typical scenario for application of these tools to experimental PPTM

data.

4.2 Current metrics to detect heterogeneity in PPTM data

Several groups [11, 12, 74, 112, 113, 121] use the van Hove correlation function [122], P(x(7)),
which is the probability distribution function constructed from the observed displacements, z, at lag
time 7. Let

zr=x(1)=X({t+71)— X(t) 4.1)

where X (¢) = Xy is the position of a particle at time ¢.

For the majority of relevant stationary, stochastic increment processes used to model PPTM data,
including normal diffusion, fractional Brownian motion, and generalized Langevin equations, the
corresponding van Hove correlation function is Gaussian for each fixed set of model parameters.
Paths generated from any of these classical stochastic processes can be considered homogeneous
over the observed time scales if they arise from the same set of model parameters, or within some
small neighborhood of a parameter set. The practical challenge for experimental path data is to
develop a test that does not rely on a priori knowledge of the model that generated the data. In a
heterogeneous environment, identical particles diffuse in regions with different local properties. One
may also consider heterogeneity that arises from particles that are polydisperse in some aspect, e.g.,
diameter or surface chemistry.

When identical particles are embedded in a sufficiently heterogeneous sample, a single Gaussian
fails to fit the ensemble-averaged van Hove correlation function. Heterogeneity can then be measured
by the extent to which the van Hove correlation function deviates from a Gaussian. We refer to such
metrics as “Stage 1 metrics” and note that they are useful for detection of heterogeneity but not for

predictions beyond the observable data.
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Whereas a Stage 1 metric implies the presence of statistically significant heterogeneity, one can
proceed to probe further into the underlying heterogeneity by binning the paths into disjoint clusters,
which we refer to as a “Stage 2 metric.” We first survey Stage 1 metrics and then address existing

Stage 2 metrics. Our approach is a Stage 2 metric that does not require a preliminary Stage 1 step.

4.2.1 Stage 1 metrics for detection of heterogeneity in PPTM data

* Rahman [123] proposed a non-Gaussianity parameter NG, which measures the departure
from an exact identity satisfied by the second and fourth moments of a Gaussian distribution.
Namely, on takes these moments of the van Hove correlation function and constructs the metric

NG; defined for each lag time 7 by,

4
NG, = ) (4.2)

If the increments are Gaussian, NG, = 0 for every lag time 7, whereas non-zero values of
NG indicate a degree of heterogeneity. This parameter was applied to the analysis of colloidal

systems by Kegel and van Blaaderen [113].

* Houghton et al. [74] used the excess kurtosis (ku) of the van Hove function, defined as

Sy (zi — T)

ku =
4 (N —1)o

-3 4.3)

to measure heterogeneity. Here T is the mean and o is the standard deviation of the van Hove
correlation function. For a Gaussian distribution ku= 0, and again non-zero values denote a

degree of heterogeneity.

* Savin and Doyle [124] formulated estimators of the square of the ensemble mean squared
displacement M (7), and of its corresponding variance, Ms(7). These estimators are derived
from a weighted average of the iMSD where the weights are proportional to the length of the
particle trajectory. This prevents the results from being biased by more mobile particles. Rick

et al. [112] used these estimators to propose a heterogeneity ration (HR), defined as
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MQ(T)

HR =
My ()2

. 4.4)

Numerical simulations showed that the maximum value of HR for a bimodal fluid is 3 [112].

Smaller and larger values of HR are then used to indicate heterogeneity [12, 112].

Tseng et al. [125] employed bin partitions of compliance values to determine the degree of

heterogeneity. The compliance I'(7), is related to the MSD by [126],

Ta , o

N(r) = (o). “5)

Bin partitions of the compliance distributions were obtained by comparing the relative contri-
butions of the 10%, 25% and 50% highest values of the individual compliance to the ensemble
mean compliance. The relative contributions of these values to the ensemble compliance
should be close to 1 to a highly heterogeneous solution and close to 0.10, 0.25 and 0.50,

respectively for a homogeneous solution.

Another Stage 1 metric involves the calculation of the iMSD for a given particle. The iMSD is

defined as

1 N—1
2 = N S e2+] (4.6)

=1

where x- is the displacement over time 7 in the X direction and g is the displacement over
time 7 in the Y direction. Duits et al. [110] constructed auto- and cross-correlation matrices of
the amplitude of the iMSD, A,, to detect both path-wise and temporal heterogeneities. Here

the amplitude is found by fitting (4.6) to a power-law function,

rr = AT 4.7

The authors used normalized variances, both with respect to time and space, to quantify the
heterogeneity in the distribution of A,. We note that this strategy mixes pure path analysis

with a presumed model for the scaling of the iMSDs with lag time 7.
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We highlight one feature of the iMSD strategy that we adopt in our approach, namely that it is
based on the cross-correlations among all particle paths, removing any reliance on comparison of the
ensemble with one representative path. However, we seek ta clustering strategy that does not rely as
strongly on a model for the underlying particle increment process. We therefore choose to defer any
fitting to parametric models after decomposing particle paths into clusters, using only statistics of the
raw data to cluster the ensemble. After clustering is complete, we then entertain best-fit models and

parameter estimation for each cluster.

4.2.2 Stage 2 metrics for decomposition of paths into clusters

Stage 2 metrics aim to assign particle paths to statistically distinct clusters.

* Valentine et al. [11] compared the standard deviation of individual particle step size distribu-

tions relative to one chosen particle in the ensemble using the F'-statistic,

Ul%/nk

‘712/m

g = (4.8)

where O']% and ny, are, respectively, the variance and the number of statistically independent
time steps in the van Hove function (degrees of freedom) of particle k, and alz and n; are the
corresponding statistics for an arbitrarily chosen reference particle /. Using a 95% certainty of
difference for N particle paths, the F'—test is applied to all N (N —1)/2 pair-wise combinations
of particle paths. Clusters are then formed by merging statistically indistinguishable paths

based on the results of the F'—test.

When designing our algorithm, we drew inspiration from the two complementary methods
proposed by Duits et al. [110] and Valentine et al. [11]. The former incorporates the cross-correlation
among all particles, making it robust to any individual outlier or small perturbations, but it also
requires a model for the underlying increment process before heterogeneity can be quantified. In
contrast, the Valentine et al. method does not require a model to investigate heterogeneity and
separates particles into clusters, however it does not uniquely cluster the data. Without a well-defined
way to determine the reference particle used at each iteration, applying the Valentine algorithm to

the same data multiple times can produce different results. See Section 4.4.5 for further discussion.
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Based on their work, we sought to construct a robust and consistent semi-parametric method to assign
particles to statistically distinct clusters; for this, we turn to techniques from the field of Machine
Learning.

It is common to assume that each particle path is best described by a stationary stochastic process,
i.e. the dynamics are non-transient. While analysis of particle paths that violate this assumption
pose an additional mathematical challenge, the results can provide insight into temporal or spatial
dependencies in a particle’s dynamics. Transient behavior has been observed in a wide range of
biological settings, including the movement of secretory vesicles [127], viruses [109] and membrane
proteins [128, 129], and multiple approaches exist for he identification and characterization of
non-stationary behavior. For a discussion of analytical approaches when the stationarity assumption
is relaxed, refer to Chapter 2. In this chapter we focus on the analysis of paths exhibiting stationary
dynamics. That is, we assume that either each particle’s behavior is stationary over the length of the
path or a path segmentation algorithm has already been applied to the data to segment the paths into

stationary intervals.

4.3 Materials and methods

4.3.1 Materials

A 2 molar sucrose solution was prepared by dissolving sucrose (Sigma) in deionized, distilled
(DI) water. We use this sucrose solution as our experimental model for a Newtonian material.
Hyaluronic acid solutions (HA), with concentrations of 8 and 10 mg mL~!, were prepared from
hyaluronic acid socium salt from Streptococcus equi (Sigma), dissolved in DI water and allowed
to mix at room temperature for 2 days while rotating at 20 rpm. 10 mg mL~! HA solution is our
experimental model for a homogeneous viscoelastic solution. HA is monodisperse in molecular
weight, therefore we expect the dynamics of embedded uniform particles to be monodisperse as
well, as shown in the work of De Smedt et al. [130]. Low melting point agarose (Fischer) samples
were prepared at 0.2% by weight (wt%) agarose mixed in PBS at 45° C for 24 hours. Human
Bronchial Epithelial (HBE) cell culture 2.5 wt% mucus samples were prepared as described in
Button and Hill [131] and Hill et al. [23] (see Section 6.2.1 for further description). One and two

micron diameter carboxylated fluorescent particles (Life Technologies) were used in sucrose, HA
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and agarose experiments, and 500 nm particles were used in mucus experiments. The particles in
all experiments were added while the solution was at 45 ° C and mixed for an additional 24 hours.
Samples were then allowed to cool to room temperature. All particles are added to stock solutions at
a 0.001 volume fraction and allowed to mix on a 20 rpm rotator for 12 hours prior to use to insure

thorough mixing.

4.3.2 Particle tracking

A Nikon Eclipse TE2000-U at 40 x magnification and standard video microscopy techniques
were used to collect video of particles undergoing thermal diffusion. For all experimental data, the
total length of each video was 7' = 30 s and the camera frame rate was At ~! = 60 fps. The number
of frames or time steps in each particle path is then given by M = TAt~!. Video spot tracking
software (http://cismm.cs.unc.edu/) extracts the positions of each particle of interest in
the field of view as a function of time. In this chapter, only particles with recorded positions at each
of the 1800 time steps are analyzed. While this has the potential to bias our results toward slower
moving particles that are more likely to remain in the field of view during video acquisition [124],
the diffusivity of the particles is such that very few particles could not be tracked over the entire

length of the video.

4.4 Mathematical protocol

Our Stage 2 analysis is based on the standard deviations of the individual van Hove correlation
functions. We do not draw any inference at this stage, i.e., we skip the analog of Stage 1 metrics de-
scribed in Section 4.2.1. Hierarchical agglomerative clustering [116] is used in our Stage 2 approach,
primarily because the resulting dendrogram (defined below) shows the hierarchical “relatedness”
between each path based on the statistic of choice [132]. The issue of partitioning the dendrogram to
create a disjoint clustering of the data is solved by employing the gap statistic [133]. By comparing
the data to multiple null reference distributions, we are able to consistently and uniquely assign

particles to clusters. Finally, a model of the underlying process is proposed for each cluster and the

relevant parameters are determined.
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4.4.1 Calculation of displacements and standard deviations of individual step size

distributions

Given N particle paths of length M, we will denote the two-dimensional position process as
{X7(i),Y7(i)}, 4 = 1,2...M, j = 1,2,...N. We calculate the van Hove correlation functions
for a specific lag h corresponding to lag time 7 = hAt, where At is the inter-observational time,
i.e. the time between successive camera frames. In our analysis, we consider h = 1,2, ...16. The
displacements are given by 2/ = X7(1 +4h) — X7 (1 + (i — 1)h) andy/ = YJ(1 +ih) — YI(1 +
(¢ — 1)h). The use of non-overlapping displacements severely limits the maximum value of & (haq)
due to small sample size, but they are necessary in order to treat the displacements as independent
measurements of the displacement process. Fitting each column to a Gaussian distribution produces
two N X Aypq, matrix of standard deviations of the particle displacements, denoted s, and s, for the
Xand Y directions. The matrix s, is produced by concatenating s, and s, resultingin a N X 2/,,4,
matrix. Principal component analysis (PCA) is then applied to s,,, and the projection of s, onto the
first and second principal components, denoted {PCy(j), PC2(j)}, constitute the data to which our
clustering protocol are applied. PCA allows for information across multiple time scales to be pooled
in a manner that maximizes the information stored in the initial principal components and removes
the arbitrariness of applying the clustering algorithm to one of many possible projections of the data

into s;-s, space.

4.4.2 Determining the number of clusters

The goal is to partition the projection of the standard deviations onto the first two principal
components into statistically distinct clusters. We choose not to use standard clustering algorithms
such as K-means [134] or K-medoids [135] because these methods require prior knowledge of the
number of clusters in the data. Instead, we use agglomerative hierarchical clustering [136, 137] with
the average linkage function and the standard Euclidean distance metric; for details see Hastie et al.

[132].
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4.4.2.1 Hierarchical cluster

The pair-wise distances between all scalar pairs {PCy(j),PC2(j)} are calculated using the
Euclidean distance metric and the distance between clusters is determined by computing the average
distance between all points in both clusters, a metric known as the average linkage function. In
agglomerative hierarchical clustering, each data point is initially its own cluster. The two closest
clusters based on the Euclidean distance in PC;-PCy space (points 1 and 2 in Fig. 4.1) are then
merged to form a new (violet) cluster. This process is repeated (blue cluster containing points 1, 2
and 3, Fig. 4.1B) until all of the data points have been merged into a single cluster (green cluster
containing all points, Fig. 4.1B). Recording the order in which clusters are merged allows one to
construct a dendrographic representation of the data showing the hierarchical similarity between
clusters (Fig. 4.1C)[116]. The height of each connection in the dendrogram is equal to the average
distance between the connected clusters, encoding a hierarchical metric of cluster similarity based on
their van Hove correlation functions.

After all the distances are calculated (Fig. 4.1C), the number of clusters, K, is determined by a
cutoff value ( that partitions the dendrogram at resolution (. For instance, if we choose any ( < 1 in
Fig. 4.1, all data points remain in their own cluster, and there are 4 clusters at this resolution. For any
1 < ¢ < 2.12, the two data points making up the violet cluster are now indistinguishable. Thus we
declare 3 clusters for this range of . Next, for 2.12 < ( < 4.75, there are only 2 clusters, the blue
cluster and data point 4. Finally, for ¢ > 4.75, the green cluster is the only cluster and contains all
data points. In this way, the parameter ( solely determines the partitioning of the data, and as ( varies
from the smallest to the largest values, the number of clusters K, ranges from 1 to /N. The next
critical step is to select the appropriate degree of resolution, i.e. the value of (, and thus determine

the number of clusters K that best delineates the ensemble of data points.

4.4.2.2 Optimal number of clusters and the gap statistic

To find the optimal number of clusters, K*, we use a gap statistic [133]. We start by defining the

parameter Wy as [138]

Wk = Z —D,, 4.9)
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Figure 4.1: Example of hierarchical clustering. (A) The distribution of data points to be clustered.
Each data point is initially assigned to a cluster containing only itself. The pair-wise distances
between all clusters are calculated and the closest two clusters are merged to form a new cluster. (B)
This process is repeated until a single cluster contains all data points. (C) A dendrogram showing the
distance between each cluster and the order in which they were merged. The dashed lines at 3 and
1.5 show cutoff values that produce two and three clusters, respectively

where n. is the number of data points in cluster c and D, is the sum of the pair-wise squared distances
between all the elements of cluster c. As ( decreases, the number of clusters, K increases, which in
turn results in a decrease in Wi due to the increasing mean intra-cluster density.

Next, we use these values of Wy to compare the projection of standard deviations of the van
Hove functions into the PC;-PC, space, which may or may not contain statistically distinct clusters,
to a null reference data set containing only one cluster and with uniform density. In order to ensure

that the null reference data set only contains a single cluster with uniform density, these data are
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generated from a uniform distribution. To match the input data as closely as possible (apart from
the number of clusters present), the reference data set is created such that its cardinality and domain
are the same as the input data, i.e. the distribution of {PC;(j), PC2(j)}. To remove the variability
associated with comparison of the input data to a single reference data set, it is common practice to
compare the input data to multiple reference data sets. We have determined that 40 reference data
sets suffice to consistently partition the data.

To illustrate this procedure, we numerically generate paths of 150 1 um diameter spherical
particles diffusing via Brownian motion in a heterogeneous medium with diffusion coefficients:
1.67x1072 (50 paths), 1.40x1072 (50 paths), 1.00x10~* (49 paths), and 1.00x1073 pzm?s~! (1
path). This data set will be referred to as the “Numerically Generated Heterogeneous Newtonian”
(NGHN) data set. First we fit the van Hove correlation function of each particle path to a Gaussian,
doing so separately for each coordinate. For particle diffusion in viscous fluids, the van Hove
correlation function in any direction is expected to have mean 0 and variance s(7) where s(7) =
V2D, and the diffusion coefficient is given by the Stokes-Einstein relation,

D— k:BT7
6mna

(4.10)

where a is the particle radius and 7 is the fluid viscosity. In our example, the projection of the
distribution of standard deviations onto the first and second principal components is shown in Figure
4.2A. We next calculate W for the path data and W,.. s, which is the mean of the W’s calculated
using (4.9) applied to each of the reference data sets described previously. The results are plotted in
Fig. 4.2B as a function of the number of clusters, K. A measure of the variability introduced by the

use of a finite number of reference data sets and the number of particles being clustered has the form

s = sd(K)+/(1 +1/B)(1 + 1/N), where sd is the standard deviation of the reference data sets and
B is the number of reference data sets and /V is the number of data points [133].
The optimal number of clusters in the distribution of standard deviations of van Hove functions,

for a given lag time, is estimated as

K* =argmin{K |G(K) —sxg > G(K — 1)+ skg_1}, (4.11)
K
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where argmin returns the value of the input argument that minimizes the input function. This equation
chooses K* to be the smallest number of clusters such that the lower bound of the gap statistic at K
clusters is greater than the upper bound of the gap statistic when K — 1 clusters are present. In our

example, at this stage of the algorithm, two clusters are identified (K™* = 2), as shown in Fig. 4.2C.
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Figure 4.2: Example clustering applied to the Numerically Generated Heterogeneous Nestonian
(NGHN) data set. (A) Standard deviations of van Hove functions for particles moving in a Newtonian,
heterogenous fluid. The heterogeneity of the fluid is characterized by four different diffusion
coefficients. (B) Value of Wi is given by (4.9). The gap statistic is calculated based on the
differences between the reference and input data (C) as described in Section 4.4.2.2. The algorithm
indicates that at this stage, there are two clusters present (red circle).
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A question of interest is, “what is the minimal separation in variances of the step size distribution
between two clusters so that they appear distinct at this stage of the algorithm.” Recall that in our
example NGHN data set, this is the same as asking what minimum difference in diffusivities is
distinguishable. To investigate this, we generated three heterogeneous Newtonian data sets of size
N = 150. Each data set contains two clusters: particles belonging to the first cluster in each data
set have diffusivity D; = 1.61 x 10~2m?s~!, while particles in the second cluster have diffusivity
Dy = D1(1 + A). The value D; is the diffusion coefficient of a one-micron particle diffusing
in a fluid with viscosity 27 mPA s. We choose three values of A: 0.075, 0.100 and 0.125. Our
algorithm correctly identifies the two clusters when A > 0.100. We note that the NG, metric (4.2),
the heterogeneity ratio (4.4) and the percent contribution of the bin partitions described by Tseng et
al. [125] steadily increases as A increases, as expected for increasing heterogeneity. The Stage 2
metric (4.8) of Valentine et al. [11] identifies two to three clusters in each data set. These results are

given in Table 4.1.

Metric A=0050 A=0075 A=0.10
NG, [113] 9.11E~2 325! 357E7!
ku, [74] 2.73E-Y  1.08E~! 1.19E°!
HR, [124] 8.44F! 9.88F1! 1.14E2
Relative Compliance, 10%, [125] 1.12E! 1.13E! 1.15E!
Relative Comp., 25% 2.72E" 2.74E1 2.7TE"
Relative Comp., 50% 5.28 B! 5.29F1 5.34F1!
F-test, [11] 2-3 2-3 2-3

Table 4.1: Sensitivity test of existing heterogeneity metrics: numerical data with controlled degrees
of heterogeneity in the diffusion coefficients. Three heterogeneous Newtonian data sets are generated,
where each data set consists of 150 paths of particles of diameter 1 ym. For each data set, the first 75
paths have diffusion coefficients D; = 1.61 x 102 um?s~! while the next 75 paths have diffusion
coefficient Dy = D1(1 4+ A) for A = 7.5%, 10% and 12.5%.

Given these results from other methods in the literature, we now apply our method. Figure
4.3A shows values of log(Wx ) vs. K for each of the three data sets. As A increases, the ‘bend’ in
the plot at K = 2 becomes more pronounced. Figure 4.3B shows the gap statistic as a function of
K. We see that for a Newtonian fluid in this range of diffusvities, the distribution of the principal
component projection of the standard deviations of the van Hove correlation functions of two data

sets with diffusivities that vary by only 7.5% are indistinguishable. However as the difference in
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the diffusivities increases beyond 10%, the distributions become distinguishable by our metrics and
the correct number of clusters is successfully recovered. It is important to point out that this 10%
threshold may not hold for different data sets and its value depends on, among other variables, the
total number of clusters, presence of outliers, distribution of data points within each cluster and

experimental error.
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Figure 4.3: Test of the gap statistic: numerical data with controlled degrees of heterogeneity in the
diffusion coefficients. Three heterogeneous Newtonian data sets are generated, where each data
set consists of 150 paths of particles of diameter 1 pm. For each data set, the first 75 paths have
diffusion coefficients D1 = 1.61 x 102 um?s~! while the next 75 paths have diffusion coefficient
Dy =Di(1+ A) for A =7.5%, 10% and 12.5%. (A) As A increases, the ‘bend’ in the log(Wi)
vs. K plot at K = 2 becomes more pronounced. (B) The gap statistic correctly indicates two clusters
for A > 0.125. The number of clusters selected by the gap statistic is indicated by a red circle.
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4.4.2.3 Cluster refining

After the main clusters are identified, we repeat the hierarchical clustering and gap statistic
steps for each cluster ¢ = 1,2...K*. The first clustering steps (Sections 4.4.2.1-4.4.2.2) serve to
identify well-separated clusters while the second round of clustering, introduced here, inspects each
previously identified cluster for the presence of sub-clusters. The final number of clusters, /™ s
the total number of clusters found after applying the clustering algorithm to the previously identified
K* clusters. This two-pass clustering approach is robust to outliers that normally cause single-pass
clustering to fail. At this stage, each of the previously identified clusters in the NGHN data set is

split into two clusters, i.e. K/ = 4 (Fig. 4.4).
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Figure 4.4: Cluster refining on the NGHN data set (Section 4.4.2.2). (A) Results of the initial cluster
step. (B) The clustering algorithm is applied to each individual cluster to identify sub clusters. The
original Cluster 1 and 2 are found to each contain two sub clusters (red circles).

4.4.3 Cluster distribution fitting

Once the data have been fully partitioned, i.e. we have K™ we may apply model selection
and fitting procedures on a path-by-path basis, then, if appropriate, pool data from particles within
the same cluster in order to increase the accuracy of the estimates of the corresponding diffusive
parameters. Path-wise fitting is carried out using the maximum likelihood approach described in

Section 3.5. Here, we use fractional Brownian motion (fBm) based on its ability to describe the
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autocovariance observed in the displacements of particles undergoing passive thermal diffusion in
a wide range of both simple and complex fluids. Figure 4.5 shows the final clustering results in

PC;-PC, space and the maximum likelihood fitting results.
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Figure 4.5: Final clustering the NGHN data set. (A) Clusters projected onto the first and second
principal components. (B) Path-wise maximum likelihood estimation of Hurst parameter (/) and
diffusivity (D). The green marker indicates the expected value of each parameter. Eighteen of the
150 particles (12%) were missclassified. Error bars indicate 95% confidence intervals.
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4.4.4 Algorithm to simulate numerical data

For the purpose of validating the protocol described in Section 4.4.2, we perform simulations of
particles moving by both standard Brownian motion (sBm) and fractional Brownian motion (fBm).
Simulated data were generated using the Direct method and Cholesky decomposition described in
Section 2.3.2.1. For all simulated data, the interobservational time is At = 1/60 and path length

M = 1800, matching the experimental data.

4.4.5 Metric comparison

When our algorithm is applied to the numerically generated heterogeneous Newtonian (NGHN)
data set (Fig. 4.5), we find three main clusters corresponding to the three clusters generated with
mean diffusivities 1.67x1072, 1.40x 1072 and 1.00x10~* zm?s~!. The outlying point, generated
with D = 1.00 x 1073 um?s~!, was also correctly identified. Assuming fBm as the underlying
process, we fit D and [ on a per-path basis for the three main clusters and pool estimates within a
given cluster. Intra-cluster estimates of D and H are shown in Table 4.2. To compare the performance
of our algorithm with the metrics described in Sections 4.2.1 and 4.2.2, we applied those metrics to

this same set of data.

Count (%) H (SD) D (SD)
x1071[-] x1072 [um?s—2H]
expected  predicted expected  predicted
Cluster 1 69 (46) 5.00 4.95 (0.14) 1.40 1.42 (0.16)
Cluster 2 31 (20.7) 5.00 5.00 (0.11) 1.67 1.68 (0.16)
Cluster 3 1(0.7) 5.00 4.77 (0.00) 0.10 0.081 (0.00)
Cluster4 49 (32.7) 5.00 5.00 (0.14) 0.01 0.010 (0.001)

Table 4.2: Cluster results for the NGHN data set.

All Stage 1 metrics presented in Section 4.2.1 correctly indicated that the simulated data set was
heterogeneous. The non-Gaussianity parameter (4.2), excess kurtosis (4.3), and heterogeneity ratio
(4.4), are 0.121, 0.362 and 1,115, respectively. The relative contributions of the 10%, 25% and 50%

highest values of the individual compliance to the ensemble mean compliance were 18.0%, 39.9%
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and 71.0%, respectively. Finally, the mean spatial relative standard deviation in the iMSD amplitudes
was 1.02 pm?2.

The Stage 2 metric of Valentine et al. [11] described in Section 4.2.2 was applied to the simulated
data set multiple times. Clusters were formed by randomly selecting “representative” particle paths
of the particles not yet clustered and assigning all particle paths to a cluster based on the results of an
F-test. In each instance, the data was correctly determined to be heterogeneous while the number
of statistically distinct clusters within the data predicted by the algorithm varied between 5 and 6,

demonstrating sensitivity to the choice of the representative particle path.

4.5 Results and discussion

We set out to test our methods on a variety of simulated and experimental data sets exhibiting
various degrees of heterogeneity. In each instance, the simulated data were generated with parameter
values comparable to the measured values for the corresponding experimental data set. This provides

a way to distinguish the error inherent in our algorithm from experimental error [139].

4.5.1 Homogeneous data: simulated and experimental
4.5.1.1 Newtonian paths and data analysis

(i) Simulated. 100 particle paths were generated with ' = 0.5 and D = 0.0161 um?s~2H . These
parameter values were chosen to match the expected values for the experimental homogeneous

sucrose data. See Table 4.3 for intra-cluster estimates of H and D.

(i1) Experimental. Position time series were collected for 100 1 pm diameter particles undergoing
passive thermal diffusion in a 2 molar sucrose solution. The viscosity of the 2 molar sucrose
solution was calculated to be 0.027 Pa s based on the MSD of embedded tracer particles. See

Table 4.4 for intra-cluster estimates of H and D.
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Count (%) H (SD) D (SD)

x1071[-] %1072 [pum2s—2H]
expected  predicted expected  predicted
Cluster 1 100 (100) 5.00 4.98 (0.14) 1.61 1.59 (0.19)

Table 4.3: Cluster results for simulated homogeneous Newtonian data.

Count (%) H (SD) D (SD)
x1071[-] %1072 [pum?2s 2]
expected  predicted expected  predicted
Cluster 1 100 (100) 5.00 5.12 (.37) 1.61 1.56 (.30)

Table 4.4: Cluster results for experimental homogeneous viscoelastic data.
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Figure 4.6: Simulated homogeneous Newtonian cluster results. (A) Clusters projected onto the first
and second principal components. (B) Path-wise maximum likelihood estimation of Hurst parameter
(H) and diffusivity (D). The green marker indicates the expected value of each parameter. Error bars

indicate 95% confidence intervals.
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Figure 4.7: Experimental (sucrose) homogeneous Newtonian cluster results. (A) Clusters projected
onto the first and second principal components. (B) Path-wise maximum likelihood estimation of
Hurst parameter (H) and diffusivity (D). The green marker indicates the expected value of each
parameter. Error bars indicate 95% confidence intervals.
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4.5.1.2 Viscoelastic paths and data analysis

(i) Simulated. 175 particle paths were generated with = 0.288 and D = 9.3 x 10~° um?s—21,
These parameter values were chosen based on the inferred experimental values of D and H for

the homogeneous HA path data. See Table 4.5 for intra-cluster estimates of H and D.

(i) Experimental. Position time series were collected for 175 1 pm diameter particles undergoing
passive thermal diffusion in a 8 mg mL~! solution. See Table 4.6 for intra-cluster estimates of

H and D.

The results for the experimental homogeneous viscoelastic data (Fig. 4.9) indicate the presence

of two clusters, one of which contains only a single point.

Count (%) H (SD) D (SD)
x1071-] %1075 [um2s—2H]
expected  predicted expected  predicted
Cluster 1 175 (100) 2.88 2.87 (0.13) 9.30 9.34 (.934)

Table 4.5: Cluster results for simulated homogeneous viscoelastic data.

Count (%) H (SD) D (SD)
x1071[-] x1074 [um2s—2H]
expected  predicted expected  predicted
Cluster 1 1(0.5) - 4.25 (0) - 41.0 (0)
Cluster 2 206 (99.5) - 3.01 (0.56) - 3.44 (2.65)

Table 4.6: Cluster results for experimental homogeneous viscoelastic data.
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Figure 4.8: Simulated homogeneous viscoelastic cluster results. (A) Clusters projected onto the first
and second principal components. (B) Path-wise maximum likelihood estimation of Hurst parameter
(H) and diffusivity (D). The green marker indicates the expected value of each parameter. Error bars
indicate 95% confidence intervals.
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Figure 4.9: Experimental (HA) homogeneous viscoelastic cluster results. (A) Clusters projected onto
the first and second principal components. (B) Path-wise maximum likelihood estimation of Hurst
parameter (H) and diffusivity (D). One outlier was identified (Cluster 2). Error bars indicate 95%
confidence intervals.
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4.5.2 Heterogeneous data: simulated and experimental

4.5.2.1 Newtonian paths and data analysis

(i) Simulated. 90 particle paths were generated with H = 0.5 and D = 8.05 x 1073 um?s—21

and combined with 100 particles generated with H = 0.5 and D = 0.0161 ym?s~24. These
parameter values were chosen to match the expected experimental values of D and H for the
heterogeneous experimental sucrose data containing 1 ym and 2 ym diameter particles. See

Table 4.7 for intra-cluster estimates of H and D.

(i) Experimental. Position time series were collected for 90 2 ym diameter particles undergoing
passive thermal diffusion in a 2 molar sucrose solution and combined with the 1 pm experi-
mental data presented in Section 4.5.1.1. See Table 4.8 for intra-cluster estimates of H and

D.

For the simulated data, the correct number of clusters was identified while an additional cluster,
containing a single particle, was identified in the experimental data. By cross-referencing the cluster
assignments with the file the data came from, we were able to identify 5 out of the 200 particles

(2.5%) which were assigned to the wrong cluster (Fig. 4.11).

Count (%) H (SD) D (SD)
x1071[-] x1072 [um2s—2H]
expected  predicted expected  predicted
Cluster 1 90 (47.4) 5.00 5.02(0.14) 0.81 0.82 (0.001)
Cluster 2 100 (52.6) 5.00 5.00 (0.14) 1.61 1.60 (0.20)

Table 4.7: Cluster results for simulated heterogeneous Newtonian data.
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Count (%) H (SD) D (SD)

x1071[-] %1072 [pum?2s 21
expected  predicted expected  predicted
Cluster 1 100 (50) 5.00 5.13 (0.03) 1.61 1.56 (0.29)
Cluster 2 1(1) 5.00 4.91 (0.01) - 6.4 (3.8)
Cluster 3 1(0.5) 5.00 3.38 (0.00) - 1.86 (0.00)
Cluster 4 97 (48.5) 5.00 5.04 (0.0458) 0.81 1.02 (0.77)

Table 4.8: Cluster results for experimental heterogeneous Newtonian data.
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Figure 4.10: Simulated heterogeneous Newtonian cluster results. (A) Clusters projected onto the first
and second principal components. (B) Path-wise maximum likelihood estimation of Hurst parameter
(H) and diffusivity (D). The green marker indicates the expected value of each parameter. Error bars
indicate 95% confidence intervals.
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Figure 4.11: Experimental (sucrose) heterogeneous Newtonian cluster results. (A) Clusters projected
onto the first and second principal components. (B) Path-wise maximum likelihood estimation of
Hurst parameter (H) and diffusivity (D). The green marker indicates the expected value of each
parameter. Five of the 200 particles (2.5%) were misclassified. Three outliers were identified (Cluster
2 and 3). Error bars indicate 95% confidence intervals.
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4.5.2.2 Viscoelastic paths and data analysis

(i) Simulated. 180 particle paths were generated with H = 0.4 and D = 4.4 % 10~* um?s~2# and
combined with 175 particles generated with H = 0.32 and D = 9.3 x 107° um?s~2, These
parameter values were chosen based on the inferred experimental values of D and H for the
heterogeneous experimental HA data containing 1 pm and 2 pm diameter particles. See Table

4.9 for intra-cluster estimates of H and D.

(ii) Experimental HA. The 175 1 pum diameter particles in 8 mg mL~! HA solution presented in
Section 4.5.1.2 were combined with 208 1 pm particles undergoing passive thermal diffusion

in a 10 mg mL~! HA solution. See Table 4.10 for intra-cluster estimates of H and D.

The algorithm correctly identified two clusters in the simulated data set. Seven additional clusters,
four of which containing a single particle, were identified in the experimental data (Fig. 4.13). The
two largest clusters contain 322 of the 355 particles (90.1%). Cluster 2 is composed of 164 particles,
98.8% of which are from the 8 mg mL~! data subset. The other large cluster, Cluster 8 is composed
of 158 particles, 98.7% of which are from the 10 mg mL~! data subset. The distribution of outlying
clusters suggests imperfect mixing of the HA solutions during preparation.

We now apply the clustering algorithm to path data from two putatively heterogeneous complex
fluids with unknown heterogeneity. To our knowledge, there is no guidance in the literature for a

quantitative heterogeneous characterization of agarose solutions or HBE cell culture mucus.

(iii) Experimental 0.2wt% agarose. Position time series were collected for 198 1 um particles

undergoing passive thermal diffusion in 0.2wt% agarose solution

The results from a 0.2wt% agarose solution are shown in Fig. 4.14. It is clear from Fig. 4.14B
that the ensemble of particles exhibit a range of diffusive behavior from relatively mobile (large H
and D) to nearly immobile (small H and D). These disparities in diffusive behavior are resolved
with out clustering methods into two main clusters containing 142 and 42 particles, and four smaller
clusters containing 7, 4, 2 and 1 particles. The path data for each cluster are then fit to fBm, with
the results shown in Table 4.11. We note that no particles appear well fit by standard Brownian

motion(sBm) due to the small Hurst parameter values.
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(iv) Experimental 2.5wt% HBE cell culture mucus. Position time series were collected for 355 0.5

pm diameter particles undergoing passive thermal diffusion in 2.5wt% HBE mucus. See Table

4.12 for the resulting best fit values of H and D per cluster. The resulting clusters are shown in

Fig. 4.15.
Count (%) H (SD) D (SD)
x1071[-] x1074 [um?s—2H]
expected  predicted expected  predicted
Cluster 1 175 (49.3) 3.20 3.19 (0.14) 0.93 0.90 (0.01)
Cluster 2 180 (50.7) 4.00 3.98 (0.13) 4.40 4.35(0.46)

Table 4.9: Cluster results for simulated heterogeneous viscoelastic data.

Count (%) H (SD) D (SD)
x1071-] x1074 [um2s—2H]
expected  predicted expected  predicted
Cluster 1 17 (4.4) - 2.56 (0.34) - 3.75(0.51)
Cluster 2 164 (42.8) - 0.32 (0.41) - 3.32(0.48)
Cluster 3 1(0.3) - 1.74 (0) - 3.78 (0)
Cluster 4 1(0.3) - 1.98 (0) - 40.0 (0)
Cluster 5 1(0.3) - 4.25 (0) - 41.0 (0)
Cluster 6 33 (8.6) - 2.30 (0.83) - 1.51 (0.62)
Cluster 7 1(0.3) - 0.11 (0) - 0.06 (0)
Cluster 8 158 (41.3) - 2.18 (0.45) - 0.70 (0.15)
Cluster 9 7 (1.8) - 1.65 (0.32) - 6.40 (3.62)

Table 4.10: Cluster results for experimental heterogeneous viscoelastic data.
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Count (%) H (SD) D (SD)
x1071-] x1074 [um2s—2H]
expected  predicted expected  predicted
Cluster 1 73 (36.9) - 0.94 (0.05) - 1.07 (0.56)
Cluster 2 68 (34.3) - 0.71 (0.32) - 2.17 (1.01)
Cluster 3 2 (1.0) - 2.11 (0.08) - 48.1 (17.1)
Cluster 4 1(0.5) - 3.61 (0) - 167 (0)
Cluster 5 44 (22.2) - 0.84 (0.34) - 6.18 (4.50)
Cluster 6 10 (5.1) - 1.35 (0.61) - 17.1 (14.5)

Table 4.11: Cluster results for experimental 0.2wt% agarose data.

Count (%) H (SD) D (SD)
x1071[-] x1072 [um2s—2H]
expected  predicted expected  predicted
Cluster 1 31 (8.7) - 2.79 (0.67) - 12.1 (5.72)
Cluster 2 285 (80.3) - 1.27 (0.74) - 0.57 (1.35)
Cluster 3 23 (6.5) - 3.70 (0.63) - 61.0 (33.4)
Cluster 4 16 (4.5) - 4.60 (0.59) - 226 (118)

Table 4.12: Cluster results for experimental 2.5wt% mucus data.
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Figure 4.12: Simulated heterogeneous viscoelastic cluster results. (A) Clusters projected onto the
first and second principal components. (B) Path-wise maximum likelihood estimation of Hurst
parameter (H) and diffusivity (D). The green marker indicates the expected value of each parameter.
Error bars indicate 95% confidence intervals.
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Figure 4.13: Experimental (HA) heterogeneous viscoelastic cluster results. (A) Clusters projected
onto the first and second principal components. (B) Path-wise maximum likelihood estimation of
Hurst parameter (H) and diffusivity (D). Nine clusters were identified when two were expected.
Two clusters (Clusters 2 and 8) contain 322 of the 355 particles (90.1%). Error bars indicate 95%
confidence intervals.
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Figure 4.15: Clustering of experimental 2.5wt% HBE cell culture mucus. (A) Clusters projected
onto the first and second principal componenets. (B) Path-wise maximum likelihood estimation of
Hurst parameter (H) and diffusivity (D). Error bars indicate 95% confidence intervals.

4.6 Conclusions

A protocol for analysis of path data from passive particle tracking microrheology is presented

that yields a quantitative characterization of diffusive heterogeneity in complex fluids. This protocol
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is based on methods adapted from the statistics and machine learning literature. The first goal is
to design an algorithm to quantify the observed heterogeneity based on the primitive path data,
without reliance on a presumed model of the underlying stochastic process, beyond the minimal
assumption that the increments of single paths are stationary and Gaussian. The second goal is to
have a technique that yields unique, reproducible clustering of the given ensemble of paths. Similar
to other approaches discussed in Section 4.2, our algorithm is applied to the position time series
of passive particles in simple or complex fluids. Specifically, we partition the paths into clusters
based on the principal component analysis of the scaling of the path-wise van Hove correlation
functions. These clusters may arise either due to differences in particle characteristics or complex
fluid characteristics, or both. Using the standard deviation of the van Hove correlation function as our
metric of interest and two-pass hierarchical clustering with the gap statistic to partition the data, our
algorithm yields a robust and consistent method for the detection and quantification of heterogeneity
in complex fluids. The method to this point is weakly parametric, only relying on the assumption
that each path is stationary and the increments are Gaussian. After the clustering step is complete,
our protocol fits the parameters of a proposed model on a per-path basis, then pools the parameter
values within a cluster. This approach was illustrated for standard Brownian motion and fractional
Brownian motion, on both numerical and experimental data.

To benchmark our algorithm, we created data sets containing known, discrete levels of hetero-
geneity. We analyzed experimental data with “artificial” heterogeneity using two methods. For
analysis of heterogeneity in Newtonian fluids, we embedded particles of two different diameters in a
homogeneous solution (sec. 4.5.2.1). For analysis of heterogeneity in viscoelastic fluids, identical
particles were embedded in two hyaluronic acid solutions of different concentrations and then the
path data were combined into one dataset (sec. 4.5.2.2). For Newtonian fluids, doubling particle
diameter is a proxy for doubling viscosity, or equivalently halving the diffusion coefficient. In
addition to controlling the degree of heterogeneity in the paths, combining dissimilar data sets
provides a way to test the accuracy of our particle-clustering assignments. Finally, we applied our
protocol to monodisperse particles in two putative heterogeneous complex fluids, an agarose gel and
mucus derived from human bronchial epithelial cell cultures. The data analysis reveals that both
fluids are heterogeneous, and indicates a quantitative variability in sub-diffusive behavior that would

have strong implications for passage times through mucus barriers.
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The accuracy of our method, the small necessary volume of fluid, and the short collection
times required to quantify the heterogeneous composition of viscous and viscoelastic samples,
combine to make our methods promising for a wide range of applications in passive particle tracking

microrheology.

101



CHAPTER 5

First Passage Times

In this chapter we investigate a functional form for the first passage time distribution of fractional
Brownian motion from an arbitrary interval and with arbitrary scaling. Such a function may be used
to predict the transit times of compounds through a viscoelastic fluid layer over time-scales that
cannot be experimentally observed. We identify an interesting phenomena exhibited by fractional
Brownian motion that is contrary to the common interpretation of the terms “subdiffusion” and

“superdiffusion.”

5.1 Introduction

First passage time is the time required for an object to exit a region for the first time. In biology,
first passage times play a fundamental role in dictating infection rates, drug onset times and other
important processes. Transmucosal drug delivery techniques often require a drug to transit the body’s
natural mucus layer before reaching the target site [20-22, 140]. The inhalation-based delivery of
dry powder insulin for the treatment of diabetes is an example of such a scenario [141]. If the drug
never transits the mucosal layer, it will not reach the target site and would thus fail to benefit the
patient (apart from a placebo response). Similarly, HIV and other pathogens must physically transit
the mucosal layer before they can infect the host and the exact mechanism by which mucus and its
constituents retard transit is an active area of research [27, 142-144].

The human body has a host of natural macro-scale defenses against foreign microbes that work
in tandem with the mucosal layer to prevent infection. In the lungs, mucociliary clearance and
cough transport foreign matter embedded in pulmonary mucus to the back of the throat where it is
swallowed, neutralized in the acidity of the digestive system, and subsequently removed from the
body. Mucus drainage in the female reproductive track and the blinking of the eye similarly transport

threats away from vulnerable epithelial surfaces. Techniques to retard the movement of pathogens,
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should be judged, not by their ability to completely arrest the movement of pathogens, but by their
ability to slow movement to the point where the body’s natural clearance mechanisms may take over.
Indeed, a reduction in infection rates may be achievable by altering the movement of a pathogen such
that its expected first passage time is comparable to the timescale of the relevant clearance process.

Whether to decrease the onset time of an inhaled medication or reduce viral infection rates, it
is important to understand how modifications of underlying diffusive processes, either by altering
the diffusing object or the physical properties of the surrounding fluid, impact first passage time
distributions.

For standard Brownian motion (sBm), explicit formulas exist describing the scaling of the
mean first passage time (FPT) distribution with the interval width. Recent work by das Neves et al.
[26] and others [24, 142, 145, 146] have applied transit time estimates based on sBm dynamics to
particles that clearly exhibit subdiffusive, non-Brownian behavior. We strongly advise against this
and demonstrate that the results of this type of approximation are highly erroneous. O’Malley et al.
[147] recently proposed a scaling relationship for the FPT for fractional Brownian motion (fBm) as
a function of the baseline mean FPT from the unit interval. We are unaware of any result for this
baseline FPT expectation for fBm. In Section 5.2 of this chapter, we present the scaling relation
proposed by O’Malley et al. In Section 5.3 we analyze the discrete exact algorithm for simulation
of Riemann-Liouville fBm (RL-fBm) to motivate a functional form of the baseline mean FPT from
the unit interval on which the O’malley conjecture is based. This function found to agree well with
simulation results and may be used to estimate the mean first passage time of particles exhibiting
subdiffusive fractional Brownian behavior through a fluid layer of a given thickness as a function of

Hurst parameter H and and diffusivity D.

5.2 Theory

As noted in chapter 2.1, Weyl-fBm { By () }+>0, and RL-fBm under certain conditions, exhibit

the self-similarity scaling relation

By (ct) ~ 2By (t). (5.1)
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We are interested in motion that does not necessarily begin at the origin and denote such processes as

XH(t) = l’o+BH(t). (5.2)

The exit time of this process from an interval is defined by

TH (%0, [a,b]) = inf{t > 0: Xy (t) ¢ [a,b]}. (5.3)

Given the initial position z(, we introduce the function 7'(x) that expresses the mean FPT from the
unit interval [0, 1]

TH(l'o) = E[TH({E(), [0, 1])] (54)

For Brownian motion this function takes the form Tl/g(wo) = x0(1 — zp). O’Malley et al. [147]
recently noted that the scaling relationship in (5.1) implies similar rescaling in the mean first passage

time. To complete the argument started there, we observe that

B oo, o, )] = (0~ 0Ty (20 55)

Let 7z (L) be shorthand for 75 (0, [~ L, L]). For any L, the cumulative distribution function for the

random variable 7 (L) can be expressed in terms of the cdf for 7f7(1). Indeed

P{ig(L) >t} = P{ sup | By (s)| < L} (5.6)

s€(0,t]

=P

sup —]BH s)| < 1} (5.7)
sE[Ot]

s€[0,t]

P

sup  |Bp(s)| < 1} (5.9)

selo,L—Y/H4]

P{ sup |By(L™Y"s)| < 1} (5.8)

P >L1/Ht} (5.10)
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Using the tail formula for the expectation, we have

E[ry (L)) = /0 OOP{%H(L) >t} dt
_ /OOO P{#u(1) > L7t} at
= LI/H/O P{#(1) > u} du
= LB (1)].

where the third line follows from the substitution u = L~ /¢,

O’Malley et al. further conjectured that the exit time baseline function will generalize as
Ty (o) = Tp (0.5) 27722 (1 — o) /2" (5.11)

We confirm this conjecture (Figure 5.4). To our knowledge, there is no known form or conjecture
for the leading coefficient and baseline mean FPT T(0.5). In the next section, we analyze discrete

exact simulation method for Riemann-Liouville fBm to motivate a functional form for 77(0.5).

5.3 Simulations and analysis

To investigate the relationship between H and the mean FPT, we generate paths using the Exact
Discrete simulation method discussed in Section 2.4.2.2. Recall the following representation of

Riemann-Liouville fractional Brownian motion (RL-fBm) from Section 2.4:

1

P = T

t
/ (t —w)"="2e(w)du,  t>0. (5.12)
0

Furthermore, recall that several groups have used RL-fBm simulation algorithms based on the
discrete approximation to (5.12), such as Muniandy et al. [55] and Rambaldi et al. [57]. The discrete

approximation is

J o pint
Br(t;) = Z/ (t; — ) =2¢du, (5.13)
i—1 Y (i—1)At

where £ ~ N (0, 1). Exact evaluation of the integral results in
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J
Bp(t;) = At " w; i (5.14)

=1

with

(5.15)

w; =

1 2 (4 — A HAY
['(H + 1/2) (H +1/2)

We can Taylor expand the (t; — At)#+"72 term at At = 0:

wi g :F(H+1/2)_1(H—|—1/2)_1 |:t51+1/2_tf{—i-l/Q_{_At(H_{_l/Q)tf{—l/z

)

- %AtQ(H —19)(H + 12t O(At?’)} (5.16)

1
=T(H +1/2)~* [At tH=12 §At3/2(H — 1)t O(Ats/z)] . (5.17)
Let the leading term be denoted as g(¢, H), i.e.,

At i

g(t,H) := T+ 1)

(5.18)

We may have also arrived at the same form for g(¢, H) by recognizing that (5.15) represents the

+1/2

discrete derivative of tfl as At approaches zero. That is,

. . 1 (- ApHE
Alwlfr—r>10 Wi = AI?EO I'(H +1/2) (H + 1/2) -19)
H+1/2 e H+1/2
= lim Al fy (t: — AY) (5.20)
At—0 (H 4+ 1/2)['(H + 1/2) At
- At d H+1/2
= TR (H + 1) dty (5:21)
At =12 59
CT(H +1/2) (5.22)

Figure 5.1 shows g(t, H) for three different values of H. The results are striking in that they
imply RL-fBm paths with smaller values of H take less time to exit short intervals than paths

with larger values of H. Generally, we associate H < 0.5 with sub-diffusion and H > 0.5 with
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Figure 5.1: Approximate scaling of the leading weighting term g(¢, H) for the Exact Discrete
approximation to Riemann-Liouville fBm. g (¢, H) is shown for three values of H and ¢ € [0, 1.5].

super-diffusion, therefore we would think By 5(t) requires longer to exit any interval compared to
Bp=0.5(t). We note that a similar derivation for Weyl-fBm shows that this qualitative behavior over
small intervals is not unique to RL-fBm. Independent of At, the point ¢*, at which g(¢t, H < 0.5)
becomes subordinate to g(¢, H = 0.5), or the point that g(¢, H = 0.5) becomes subordinate to a

g(t, H < 0.5), can be computed as
2
t* =T(H + 1/2) 701, (5.23)

The two cross-over points ¢* seen in Figure 5.1 are ¢* = 0.419 and ¢t* = 0.697. To better understand
the connection between g(t, H) and exit times, recall the discrete approximation to (5.12) given by

(5.13). For the first time step, the position is,

By (t1) = &w m. (5.24)
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For two processes defined by { H1, H2 | 1 > Hs > .5 > H; > 0}, the ratio of the distances traveled

during the first time step, denoted 71, is

B BH1 (tl) oV At&lwl,Hl W1,H, F(HQ + 1/2)AtH1_1/2 F(HQ + 1/2)AtH1_H2

wig, | D(Hp+12)AtH=Y2 — T(Hy +1/2)

ry = =
Bu,(t1)  VAt&wy

(5.25)
where H; — Hy € (—1,0). Figure 5.2 shows r; for fixed At as a function of H. The relationship
given by (5.25) indicates that if By, (At) travels a distance L over the course of a simulation
composed of a single time step, then By, (At) travels 1 times farther in the same amount of
time. By, (At) and By, (At) therefore exited the intervals (—L, L) and (—r1 L, 71 L) in At time,

respectively. We consider the ratio of the mean FPT of By, (¢) and By, (¢):

E [y (0,[—rmL,mL])] = E[rx, (0,[—L, L])] (5.26)
— (2r L)/"1 Ty, (0.5) = (2L)/"2 T4, (0.5) (5.27)
T, (0.5 2L)"
TH2 (0.5) (27“1L) /Hy
I'(H; + 1/2)1/H1 QY Hy [ 1/H
= Ll/Hl 21/H1F(H2 4 1/2)1/H1At1_H2/H1 (529)
= T(Hy + 1/2) /™10 (Hy + 1/2) /19" Ha= /1y [}/ Ha=1/Hy AgHT2/H1 =1 (5.30)
Let Hy, = 0.5, then we have
T, (0'5) Hy02—1/H| 72—1/H 1/2H,—1
——= =I'(H +1} 12 1L LA /2 5.31
Tos(05) LT G301
We know 73 5(0.5) = 0.25, therefore if L = 0.25, we can solve for T, (0.5):
Ty, (0.5) = 1l (Hy + 1/2)/510.52~ /#1420 =1 (5.32)

where we have replaced At with the variable §. For a fBm process that is parameterized by the

diffusivity D as well as H, the mean FPT through an arbitrary interval of width L is thus given by,

T — /L2 v 1/9\YH1 () 52—/ Hy §1/2H—1
(L) = i\ ['(Hy +1/2) 0.5 1) . (5.33)
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Figure 5.2: Ratio of the initial step size r; for the Exact Discrete approximation to Riemann-Liouville
fBm. 71 is shown for four values of At as a function of H.

5.4 Results

Figure 5.3 shows T7(0.5) as a function of H. It is not clear how the term ¢ should be interpreted
since in our motivation of (5.32) we assumed that the simulation was only one step in length. Clearly,
for certain choices of H and At, a fBm process cannot exit the interval [—0.5,0.5] in a single time
step. We thus choose to disassociate this parameter from the temporal resolution of the simulation
(hence the change in symbol) and treat it as a free parameter to be inferred from simulations. In Figure
5.3, T (1/2) was fit to the simulation results with § as the sole free parameter. The best fit value
of  was 0.01271 with 95% confidence bounds (0.009524, 0.0159). Because all simulation results
represent over-estimations of the true mean FPT, the best fit value of § is likely an over-estimation of
the true value.

To investigate the “bioavailability” of our simulated paths at the interval boundary, let Qz(p) be
the time required for proportion p of the particles to escape from the interval [0, 1] given zo = 0.5,
1.e.,

Qu(p) = {t| P{tu(1) <t} =p}. (5.34)

Figure 5.5 presents simulation-based estimations of {27 (p) for various values of H.
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Figure 5.3: Scaling of the mean FPT from the interval [0, 1] starting from 2y = 0.5 as a function of
H for Riemann-Liouville fBm based on (5.32) (blue line) and simulation results (black dots).
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Figure 5.4: Scaling of mean FPT from the interval [0, 1] with initial location x¢, for different values
of H. The circles indicate the simulation results and dashed lines are the fit to the theoretical scaling.
Results confirm the conjecture by O’Malley et al [147], (5.11)).
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Figure 5.5: Time required to achieve a specified bioavailability at the interval boundary for three
values of H for three intervals. Simulations were conducted on the unit interval (a), then the scaling
relation (5.1) was applied to estimate 2z (p) for intervals of width L = 5 and L = 10. Initially,
for H = 1 and an interval of width L = 1, the time required to achieve 10%, 50% and 90%
bioavailability is a small proportion of the time required for less subdiffusive processes. As the width
of the interval increases, this trend is reversed and the Brownian process with H = 0.5 is able to
transit the interval most efficiently.
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5.5 Conclusion

A functional form for the baseline mean first passage time (FPT) from the unit interval is
presented as a function of the Hurst parameter H. This function was motivated by analysis of the
Exact Discrete simulation method for Riemann-Liouville fractional Brownian motion (RL-fBm)
presented in Section 2.4.2.2. For RL-fBm processes exiting small intervals of width L € [0, ~ 1],
the mean first passage time is directly related to H, resulting in simulated particle paths with low
H exiting faster than particles with large H. This behavior is contrary to the usual association of
subdiffusive behavior with retarded movement. We emphasize that this behavior is not unique to
RL-fBm and is also present in Weyl-fBm. When the generalized mean FPT function is used to
scale the baseline mean FPT function to investigate exit times from intervals larger than the unit
interval, the expected relationship between mean FPT and Hurst parameter is recovered, i.e., particles
with low H take longer to exit than particles with larger 7. This extreme change in the qualitative
behavior of the mean FPT function emphasizes the importance of accurately estimating the diffusive

parameter values describing a particle’s motion.
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CHAPTER 6

Analysis of Pediatric Bronchoalveolar Lavage
Samples

In this chapter we analyze the microrheological properties of bronchaolveolar lavage samples
from a pediatric cystic fibrosis cohort utilizing the tools discussed in the previous chapters. We
address the primary issue associated with such studies— the differentiation of the fluid used to perform
the bronchaolveolar lavage from the airway surface liquid. Strong agreement is observed between
the diffusive parameters of particles in the bronchaolveolar lavage samples and particles in mucus
harvested from human bronchial epithelial cell cultures, emphasizing the importance of such systems

as a model for pulmonary pathogenesis.

6.1 Introduction

Cystic fibrosis (CF) affects between 70,000 to 100,000 people worldwide and is caused by
mutations in CFTR, the CF transmembrane conductance regulator gene. CFTR malfunction disrupts
cellular sodium and chloride balance across the epithelial membrane and impacts organs throughout
the body. The pancreas, in particular, often exhibits pronounced damage, even at birth [148].
In contrast, the lungs of newborns with CF often appear normal, however pulmonary infections,
specifically B. cepacia and S. matophilia, are strongly correlated with adult morbidity and mortality
[149-152]. Several theories have been proposed for the pulmonary manifestations of CF disease
progression, such as hindered secretion of microbial factors and bicarbonate [153, 154], ceramide
and salt accumulation [155, 156], and disrupted phagocytosis [157], however recent research has
focused on the role of airway surface liquid hydration [158-160].

Airway surface liquid is a general term used to refer to the mixture of surfactants; mucin
molecules and other proteins; DNA from dead cells; immunological agents such as macrophages,
pathogens, and inhaled particulates; and bacteria coating the pulmonary epithelium. This fluid layer

may be roughly conceptualized as a viscoelastic gel bilayer. The mucus half of the bilayer, at the
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air-liquid interface, is the most prominent, between 0.5-60 pm thick [160-164], and composed
of a mixture of proteins, including the major gel forming glycoproteins MUC5B and MUCS5AC
[165, 166]. Under the mucus layer, the periciliary layer (PCL) makes up the second half of the
gel bilayer and also exhibits viscoelastic properties, although a different combination of proteins
leads to properties distinct from those of the mucus layer. The PCL is approximately 7 pm thick,
and in direct contact with the epithelium where it simultaneously facilitates cilia movement and
hinders the diffusion of foreign particulates that were not trapped by the mucus layer above [162,
167]. Dehydration of the PCL and mucus layers is believed to lead to a collapse of the PCL layer,
decreasing in the effectiveness of mucociliary and cough clearance of mucus, and resulting in mucus
stasis. As mucus accumulates, the airways become occluded by “mucus plugs,” creating an ideal
environment for bacterial colonization [159].

The Australian Respiratory Early Surveillance Team for CF (AREST CF) study is an ongoing
effort in Australia to understand the early progression of CF lung disease. Computed tomography
(CT) chest scans of children with CF collected through the AREST CF study reveal a spatially
heterogeneous manifestation of disease symptoms throughout the lungs [168]. In order to quantify
factors driving early, heterogeneous manifestations of CF, the AREST CF study is conducting
bronchoalveolar lavages (BAL) and CT scans, and collecting exhaled breath condensate from its
enrolled pediatric CF cohort. The invasive BAL results are analyzed for biochemical and biophysical
measures of mucus hydration, as well as indications of inflammation and bacterial colonization. The
goal is to correlated these metrics with alternative biomarkers derived from the less invasive CT scans
and exhaled breath condensate.

Recent work by Hill et al. [23] demonstrated that mucus weight percent solids (wt%), the
percent of a fluid sample’s weight that is not due to water, is a robust biomarker of pulmonary
pathogenesis. Hill et al. collected sputum samples (mucus and saliva) from normal (1.740.56
wt%), COPD (3.7+£2.3 wt%) and CF (7.012.3 wt%) patients by either expectoration or induction
using hypertonic saline. The wt% solids of each sample was measured by comparing the sample’s
weight before and after dehydration. This metric found to scale robustly with disease state. Mucus
was then harvest from primary human bronchial epithelial (HBE) cell cultures and reconstituted to
2.5, 3,4 and 5 wt%. Systematic characterization of the HBE mucus was conducted using passive

microparticle rheology and microparticle tracking (MPT) techniques to investigate the scaling of
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the linear, viscoelastic properties of mucus with wt% as a proxy for disease state. Weyl-fBm fits to
the MPT path data revealed the Hurst parameter H exhibits a negative linear relationship with wt%
while the diffusivity D exhibits a negative exponential relationship with wt%, both results confirm
qualitative observations that subdiffive characteristics become more pronounced with increasing wt%.
A prominent increase in the spread of the distribution of the path-wise Hurst parameter was observed
at 4wt%, corresponding to the hypothesized sol-gel transition, the point at which the viscous modulus
becomes subordinate to the elastic modulus. The change in the distribution of H at this wt% suggests
structural change in the mucus gel network that may manifest as increased heterogeneity in the
spatial distribution of the fluid’s viscoelastic properties.

In this chapter, we utilize the analysis techniques presented in the previous chapters to compare
recently collected, unpublished MPT data from the AREST CF study and MPT data from the HBE
mucus samples presented by Hill et al. [23]. Our analysis suggests that mucus derived from HBE cell
cultures is representative of the viscoelastic properties of mucus contained in clinical BAL samples
collected from children with CF. Furthermore, the data suggest that early CF is characterized by
spatial heterogeneity in the viscoelastic properties of pulmonary mucus, which may be a driving

factor behind the observed heterogeneous bacterial colonization and mucus plugging.

6.2 Materials and methods

6.2.1 Sample collection
6.2.1.1 HBE Mucus

Mucus was harvest from HBE cell cultures as described by Hill et al. [23]. Briefly, non-
pathological human bronchial epithelial (HBE) cells were cultured on a polycarbonate membrane
scaffold coated with collagen [169-171]. Over the course of 6 weeks, confluent cultures developed
cilia, generated and established a PCL and mucus layer. The cilia exhibited coordinated beating,
qualitatively mimicking in vivo mucociliary clearance, resulting in mucus transport within the
culture dish. Washings from >100 cultures were aggregated and concentrated to the desired wt%.
Concentrated mucus was dialyzed against PBS to insure isotonicity as described elsewhere [131,

169]. Concentrations of 2.5 wt%, 3 wt%, 4 wt% and 5 wt% were utilized.
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6.2.1.2 AREST CF

The AREST CF study plans to conduct bronchoalveolar lavages on 50 pediatric CF subjects. For
each subject, the first BAL is scheduled to occur at age 3 months and is repeated yearly from age 1 to
age 4. During a BAL, a small volume of 0.9% NaCl is deposited on the airway surface, then removed
S0 as to entrain a sample of native airway surface liquid. Upon collection, BAL fluid samples (mucus
and NaCl) are divided into 1 ml aliquots and frozen at -80 °C, then transported from Australia to
UNC-Chapel Hill for microrheological analysis. To date, BAL samples have been collected from 23

children 0.5 to 5.5 years old. No replicates are currently available.

6.2.2 Particle tracking

AREST CF and HBE cell culture mucus samples were combined with 1 ym diameter carboxy-
lated fluorescent particles diluted in light scattering buffer (LSB) and allowed to mix for 24 hours
prior to particle tracking. Particle tracking for both the HBE and AREST CF samples was conducted
as described in section 4.3. Briefly, a Nikon Eclipse TE2000-U at 40x magnification and standard
video microscopy techniques were used to collect video of particles undergoing thermal diffusion.
Each video is 30 seconds in length with a temporal resolution of 60 fps. Video spot tracking software
(http://cismm.cs.unc.edu/) extracts the positions of each particle of interest in the field of

view as a function of time. These position time series form the basis of our analysis.

6.2.3 Initial path filtering

The microparticle path data from the AREST CF samples underwent four screens to remove
“corrupt” data. Here we describe the first three screens while the fourth is addressed in Section 6.2.4.

The video spot tracking software used to extract the positions of each particle is increasingly
inaccurate the closer the particle is to the edge of the field of view, and this error has yet to be
systematically investigated. To mitigate this, particles whose initial positions were within 9 pm of
the edge of the field of view were excluded from further analysis (Figure 6.1). The width of the
boundary region was heuristically chosen based on a manual inspection of representative position
time series. 11.27% (n = 3415) of all particles fell within this boundary region and excluded from

the final data analysis.
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Figure 6.1: Overlay of the initial positions of a representative sample of particle paths from the
AREST CF data set. The field of view of the microscope is approximately 150 ym by 110 pm.
Particles in the exclusion region near the edge of the field of view are shown in black.

The position time series reported by the video spot tracking software is not representative of the
actual movements of a particle if that particle exits the field of view (laterally) or the focal plane
(vertically) during the video. In these circumstances, the position time series will be distorted and
indicate a prolonged period without movement in one or more directions (Figure 6.2). Paths with
more than 200 time points where the displacement was reported to be exactly zero were identified
and removed. A sequence of 200 consecutive time points with zero displacement results in an
approximate 5% error in the estimation of D and a 1% error in the estimation of H. 1.07% (n = 330)
of all particles, including those previously screened, met this threshold and withheld from subsequent
analysis.

Particle paths with position time series containing fewer than 100 data points were removed to
ensure enough data were present for reasonably accurate fitting. 2.11% (n = 654) of all particles,
including those previously screened, met this threshold and withheld from subsequent analysis.

After applying the three filters described in this section, 88.2% (n = 26725) of the data points
remain. Figure 6.3 shows a representative sampling of the data points remaining and the data points

that were removed.
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Figure 6.2: Example particle path exhibiting no movement over multiple time steps. The particle
likely diffused vertially out of the focal plane since at 1.5 seconds, it was not at the edge of the field
of view.

6.2.4 The Background Fluid Problem

A pernicious impediment to the rheological investigation of BAL samples is the difficulty in
distinguishing the properties of the airway surface liquid from the properties of the fluid used to carry
out the BAL—in this case, 0.9% NaCl [172, 173]. We refer to this as the “Background Fluid Problem.”
Additionally, limited fluid volume makes rheometer-based characterization difficult. Due to these
factors, most analysis of BAL samples focuses on the enumeration of cellular constituents and their
characteristics, and the culturing of native bacteria [172]. Microrheology is ideally suited to address
the constraints posed by limited BAL volumes. It is not initially clear however, how the Background
Fluid Problem may be solved via microrheological techniques given that additional dilution of the
BAL sample occurs upon the addition of tracer particles, which have been diluted in light scattering
buffer (LSB)—as reported in Section 6.2.1. We are unaware of any microrheological investigations
of pediatric BAL samples to date. To address the Background Fluid Problem, we employ the model
fitting techniques presented in Chapter 3 in conjunction with the heterogeneity metrics introduced in

Chapter 4.
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Figure 6.3: Representative samples of data points remaining (a), and data points removed (b), after
accounting for the path length, initial position and abnormal displacements, as described in Section
6.2.3. Data points are presented in terms of their maximum likelihood diffusive parameter values.

Upon injection of the BAL sample with tracer particles and the tracking of their movements,
the goal is to fit the increment process of each particle path (as opposed to the MSD) to a fully

parametric model, such as that discussed in Section 3.3. Under the proposed model, maximum
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likelihood estimates of each parameter and their confidence intervals can be calculated. Microparticle
tracking data was collected for 1 pm diameter particles in a 0.9% NaCl, LSB solution as a control
(the “background solution”). This data set contained 254 particles that underwent a similar filtering
process to that described in Section 6.2.3. Based on the movements of these particles, we calculate
the expected value of the diffusivity, Dy and Hurst parameter, Hj ;. These values are Dy = 0.38
pm? s72H and Hyp = 0.49 Particles from the AREST CF data set with 95% confidence intervals
about their MLE diffusive parameter values that include the expected diffusive parameter values in
the background fluid are noted, and we refer to these data points as Background Fluid Points. Table
6.1 provides a summary of the comparative results and Figure 6.4 illustrates this process for two
particles from the AREST CF data set. In this figure, D,y and Hyy are shown in red. The solid
blue and black lines represent the MLE estimates for two particles and the dotted lines represent the
95% confidence interval. The 95% confidence interval about the MLE of the diffusive parameters
for the particle shown in blue does not include Dy and Hy ;. The data therefore suggest that this
particle is not probing an unadulterated solution of NaCl and LSB. In contrast, the 95% confidence
interval about H for the particle shown in black includes Hj ¢, we therefore declare this point to be a
Background Fluid Point. Background Fluid Points make up 36.6% (n = 9789) of the data points,

after applying the filters described in the previous section.

n, (%) H ~ Hyy HzsHy,
D =~ Dyy | 495(1.9) 132 (0.5)
DzDyy | 9162 (34.3) 16936 (63.4)

Table 6.1: Breakdown of data points based on whether or not the 95% confidence interval about
each parameter value includes the expected parameter values for the background solution. 1.9% of
particles have 95% confidence intervals about both H and D that include Hj ¢ and Dyr. 63.4% of
particles have 95% confidence intervals about both parameter that do not include Hyy and D .

Since this work represents the first microrheological characterization of airway surface liquid
from a pediatric CF cohort we hesitate to declare that non-Background Fluid Points are sampling
the airway surface liquid in a biologically relevant context. It is not known how swelling of the
mucins proteins might impact particle movement or if local aggregation of mucin proteins within

the airway surface liquid results in sub-regions with decreased diffusivity but minimal elasticity.
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Figure 6.4: Example maximum likelihood estimates of H and D for two particles (blue and black)
from the AREST CF data set. The dashed lines indicate the 95% confidence interval about the MLE
parameter value (solid line). The red lines indicate the expected parameter values Dy and Hyy, for a
1 pum diameter particle in the background fluid, NaCI+LSB. We declare the data point represented in
black to be a Background Fluid point because its 95% confidence interval about H includes Hjy.

The constituents of the the airway surface liquid layer may diffuse into the surrounding background
fluid, altering both the rheological properties of the background fluid, e.g., through a increase in
protein concentrations, and the airway surface liquid, through a corresponding decrease in protein
concentrations. It is therefore possible that particles exhibiting values of H and D distinct from Hy s
and Dy may not be sampling a fluid representative of the in vivo airway surface liquid layer.

To investigate this question further, we apply the clustering algorithm from Chapter 4 to the
data with and without the Background Fluid Points, after applying the filters discussed in Sec. 6.2.3.
Figure 6.6 shows the clustering of the data with the Background Fluid points in PC;-PCy and D-H
space. The dashed red lines in panel (b) indicate Dy and Hjy. The mean values of D and H for

each cluster, and the cluster sizes are reported in Table 6.2. Figure 6.7 and Table 6.3 present the same
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Figure 6.5: Representative distribution of the AREST CF data points, grouped based on their
distinguishability from the background fluid. The dashed red lines indicate Hy; and Dy, the
expected parameter values in the background solution.

data after the Background Fluid Points have been removed. Importantly, the clustering results of
both data sets indicate the presence of three clusters in approximately the same locations.

As observed in Table 6.1, the majority of the data points characterized as Background Fluid
Points received that designation solely based on the maximum likelihood estimate of H. This
suggests that proteins and other cellular constituents of the airway surface liquid are diffusing into
the NaCl+LSB solution and increasing its apparent viscosity, thus decreasing the diffusivity of the
embedded probe particles. By comparing the measured diffusivity of particles in the NaCl control
solution with the mean diffusivity of Cluster 3 in Table 6.2, we note a decrease of approximately

36%. We refer to this as the “modified background solution.” Our goal is to identify data points with
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Figure 6.6: Clustering of pediatric bronchoalveolar lavage samples from the AREST CF study with
Background Fluid Points. (a) Clusters of representative data projected onto the first and second
principal componenets. Cluster 1 contains 57.0% (n = 15239) of the data points while Cluster 2
and Cluster 3 contain 11.92% (n = 3186) and 31% (n = 8286) of the data points, respectively. (b)
Path-wise maxiimum likelihood estimation of the Hurst parameter (/) and diffusivity (D) for the
representative data. The dashed red lines indicated the expected values of D and H for a 1 um
diameter particle in the background fluid.

123



a high likelihood of inhabiting the modified background solution that have not been classified as
Background Solution Points.

In Figure 6.6, Cluster 1 and Cluster 3 seem to correspond to discrete sets of fluid properties,
with Cluster 2 representing an intermediate transition region. Upon removal of the Background Fluid
Points, the number of data points in Cluster 1 decreased by 2.9% while the number of data points
in Cluster 2 and Cluster 3 decrease by 48.1% and 94.2%, respectively. We may associate the mean
diffusivity of Cluster 3 with the mean diffusivity of the modified background solution since they
are in strongest agreement. The shape of Cluster 3 in D-H space indicates a relatively constant
diffusivity over a range of H values decreasing from H = 0.5. One explanation for this is that
the modified background fluid has permeated the mucin mesh and displaced the native intra-mesh
fluid. An alternative explanation is that the gel forming mucins in the airway surface liquid have
reassembled to formed a new mesh network in the background fluid. Regardless of the explanation,
the continued existence of points in Cluster 2 and Cluster 3 after the removal of the Background
Fluid Points suggests that this phenomena has a statistically significant impact on the viscoelastic
properties of the fluid, whether it be an increase in the local diffusivity of the airway surface liquid
or an increase in the local elasticity of the background fluid. Furthermore, it suggests that there are
in fact particles inhabiting a modified background solution that simultaneously exhibit D and H
distinct from Dy, and Hj ¢, but who are also unlikely to be sampling the airway surface liquid. For
subsequent analysis, we choose to focus on the viscoelastic properties of airway surface liquid that
has had minimal interaction with the NaCI+LSB solution. The cluster results suggest that Cluster 1

contains the desired data points.

Count (%) H (SD) D (SD)
X107 -] %1072 [pm?s—21]
Cluster 1~ 15239(57.0)  2.46(1.09)  0.64 (0.95)
Cluster2 3186 (11.9) 428 (0.79)  5.86(3.33)
Cluster 3 8286 (31.0) 4.87(0.32) 24.6(21.7)

Table 6.2: Cluster results for pediatric bronchoalveolar lavage samples from the AREST CF study
with Background Fluid Points.
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Count (%) H (SD) D (SD)

x107 -] %1072 [pm2s—2H]
Cluster I 14797 (87.4)  2.40(1.05)  0.55(0.74)
Cluster2 1655 (9.8) 3.71(0.79)  3.37(1.93)
Cluster 3 483 (2.9) 3.86 (0.64)  16.8 (7.05)

Table 6.3: Cluster results for bronchoalveolar lavage samples from the AREST CF study without
Background Fluid Points

After applying all filters to the data and removing the Background Solution Points, Cluster
1 contains 14,797 particles. Within this cluster, the maximum likelihood estimates of the Hurst
parameter range from 4 = 0.01 to H = 0.46, and in each case is distinct from H = 0.49.
The maximum likelihood estimates of the diffusivity range from D = 1.9 x 107° um?s=2H to

D =5.6x 1072 pm?s21,
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Figure 6.7: Clustering of pediatric bronchoalveolar lavage samples from the AREST CF study without
Background Fluid Points. (a) Clusters of representative data projected onto the first and second
principal componenets. Cluster 1 contains 87.4% (n = 14797) of the data points while Cluster 2 and
Cluster 3 contain 9.8% (n = 1655) and 2.9% (n = 483) of the data points, respectively. (b) Path-wise
maximum likelihood estimation of Hurst parameter (H ) and diffusivity (D) for representative data.
The dashed red lines indicate the expected values of D and H for a 1 um diameter particle in the
background fluid.
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6.3 Results

6.3.1 HBE data

The path-wise maximum likelihood estimates of D and H were calculated as described in
Chapter 3 and the clustering algorithm presented in Chapter 4 was applied to the HBE microparticle
data. In each of the 2.5 wt%, 3 wt%, and 5 wt% data sets, one cluster was identified. In the 4 wt%
data set, 6 clusters were identified, one of which contained only a single data point. A summary of

the results at each wt% are presented in Tables 6.4-6.7.

Count (%)  H (SD) D (SD)
x1071[-] x10~2 [um?s~ 2]
Cluster 1 76 (100) 3.57(0.53)  2.94(1.53)

Table 6.4: Cluster results for 1 ym diameter particles in 2.5 wt% HBE mucus

Count (%)  H (SD) D (SD)
x1071[-] x10~% [um?s—2H ]
Cluster 1 99 (100) 321(0.51)  1.63(1.49)

Table 6.5: Cluster results for 1 pm diameter particles in 3 wt% HBE mucus

Count (%) H (SD) D (SD)
x1071[-] x107% [um?s—2H ]
Cluster | 53(29.4) 1.90 (0.43)  1.74(0.67)
Cluster2 ~ 51(28.3)  221(045)  3.30(1.02)
Cluster 3 10 (5.6) 4.25(0.18)  35.0(7.76)
Cluster4 ~ 39(21.7)  281(047)  6.89(2.21)
Cluster 5 26 (144)  324(0.70)  13.65 (4.04)

Table 6.6: Cluster results for 1 pm diameter particles in 4 wt% HBE mucus
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Count (%)  H (SD) D (SD)
x1071[-] x1074 [um?s2H]
Cluster 1 178 (100) 1.10 (0.35)  3.90 (2.45)

Table 6.7: Cluster results for 1 pm diameter particles in 5 wt% HBE mucus

6.3.2 AREST CF data

The path-wise maximum likelihood estimates of D and H with 95% confidence intervals are
shown in Figure 6.8. The data are grouped by their cluster assignment after the removal of the
Background Fluid Points. In [23], Hill et al. report the following heuristic equations relating H and

D to mucus weight percent solids (wt%):

D =~ 1.6e1:5xW%, 1.5 < wt% < 5, (6.1

2H ~ —0.17 x wt% + 1.1, 1.5 < wt% < 5. (6.2)

Based on the mean MLE values of each parameter for Cluster 1-thought to most closely represent
the airway surface liquid-the predicted weight percents given by (6.1) and (6.2) are 3.6 wt% and 3.5
wt%, respectively. The predicted weight percents for Cluster 2 are 1.68 wt% and 2.14 wt% from
(6.1) and (6.2), respectively. The predicted weight percents for Cluster 3 are 1.46 wt% and 1.25 wt%
from (6.1) and (6.2), respectively.

In Figure 6.9, the cluster results from the HBE data (shown in color) are overlaid on the path-wise
estimations of D and H for the BAL data from Cluster 1 (shown in black). For the HBE data, the size
of the marker is directly proportional to the percentage of the data points at the given wt% in each
cluster. For 2.5 wt%, 3 wt%, and 5 wt%, one cluster was identified. For 4 wt%, five clusters (and
one outlier, not shown) were identified. Of note, the data from Cluster 1 alone spans the distribution
of parameter values observed in the HBE data, suggesting that we did not “over filter” the data in
Sections 6.2.3 and 6.2.4. The BAL data exhibit a slightly depressed diffusivity compared to the HBE
data near H = 0.5, suggesting that at low mucin concentrations, other factors, such as cellular debris

or inhaled particulates that are not present in the HBE culture mucus, play a more important role in
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Figure 6.8: Maximum likelihood estimates of D and H for a representative subset of the AREST
CF data. The error bars represent 95% confidence intervals. All filters from Section 6.2.3 have been
applied and the Background Points have been removed.

defining the viscoelastic properties of the airway surface liquid. As disease progresses, gel-forming
mucins begin to have a dominate affect or airway surface liquid properties, evidence be the strong
agreement between the Swt% HBE data and the BAL data at low values of H.

Path data were matched to subject-level demographic descriptors, such as age and sex, and
sample-level markers of inflammation, such as IL-8 and neutrophil elastase. These “meta data” were
available for 52 subjects. Of the 23 BAL samples available for analysis, only 17 had corresponding
meta data. These 17 subjects correspond to n = 21687 data points, or 71.6% of the original data
set. In Figure 6.10, the mean values of D and H within Cluster 1 are shown for each of the 17
subjects. The size of the marker is proportional to the number of particles available for that subject.
The color of the marker is proportional to the total cell count (tcc) for each patient. It is important

to note that different BAL samples, from different parts of the lung, were used to determine the
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Figure 6.9: Comparison of bronchoalveolar lavage sample results from the AREST CF study to
clustering of HBE data. Error bars indicate one standard deviation about the cluster mean. The size
of the HBE markers is commiserate with the proportion of particles in the respective data set within
each cluster. For 2.5 wt%, 3 wt%, and 5 wt%, one cluster was identified. For 4 wt%, five clusters
were identified.

microrheological properties and the total cell count. No statistically distinct correlation is observed
between the sample-wise ensemble average of H and D and tcc, or any other subject-level meta data.
Additionally, the sample-wise ensemble average of H and D within Cluster I was not correlated
with any of the meta data variables in a statistically distinct manner. This may be due to the limited
number of subjects associated with both meta data and microparticle data (n = 17), or it may indicate
that changes in the rheological properties of the airway surface liquid are “upstream” of existing
metrics for CF lung disease.

An additional limitation observed in Figure 6.10 is that a compression of the distributions of

D and H to a subject-level mean and standard deviation masks a significant amount of potentially
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biologically-relevant variability in the data. The presentation of the subject-level data in this fashion
does not adequately represent the richness of the data, which follows a highly non-Gaussian distribu-
tion. As an alternative, Figure 6.11 shows distributions of particles in D-H space for six subjects.

These data highlight the inter-subject diversity present in the BAL data.
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Figure 6.10: Inter-subject comparison of total cell count in D-H space. Each circle represents one
subject. The size of the marker is proporitonal to the number of data points for that subject. Circles
are colorcoded by the subject’s total cell count (tcc) and error bars represent standard deviations
about the mean. No obvious relationship between H and D, and total cell count is apparent.

The Improved Discrete Riemann-Liouville simulation algorithm (Section 2.4.2.3) was used to
simulate trajectories for 1 pym diameter particles in HBE mucus. The simulations were run for a
total of 18 minutes with an inter-observational time of 1/60 seconds. The number of particles able
to transit a distance L in the given amount of time may be thought of as the bioavailability of the

particles at the pulmonary epithelium after transiting a mucus layer of thickness L. Figure 6.13
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shows the predicted bioavailability of 1 pm particles through the given wt% mucus as a function of
mucus layer thickness. Intuitively, as the thickness of the mucus layer decreases, all particles are

expected to make a successful transit. As the mucus layer thickness increases, drastic differences are
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Figure 6.11: Patient-level distributions of D (y axis) and H (x axis) from the AREST CF data set for
six subjects. The x- and y-labels match those of the previous figures.
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Figure 6.12: Subject-level predictions of the bioavailability of a 1 ym diameter particle through an
airway surface liquid layer with thickness 10 ym (a), 15 um (b), and 20 pum (c) for the six subjects
represented in Figure 6.11.

apparent between 2.5 wt% mucus, serving as a proxy for healthy mucus, and 5 wt% mucus, serving
as a proxy for adult CF mucus. The dashed black line indicates the typical mucus layer thickness in
the upper respiratory track. At this mucus layer thickness, the data suggest a significant disparity

bioavailability between healthy and early-stage CF subjects with mucus concentrations near 3.6 wt%.
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Figure 6.13: Predicted bioavailability of a 1 pm diameter carboxylated particle through a mucosal
layer of thickness L in 18 minutes for four different mucus concentrations. The vertical black line
(dashed) shows the typical thickness of the mucosal layer in the upper airways.

6.4 Conclusion

Changes in the viscoelastic properties of the airway surface liquid have the potential to be an
early indicator of CF-related pathogenesis, presaging bacterial colonization, macrophage recruitment,
mucus stasis and even collapse of the periciliary layer. Despite this promise, practical limitations re-
garding the volume of airway surface liquid available following a BAL have hindered the widespread
macro-scale characterization of those properties. While not as limited by volumetric constraints,
microrheology has suffered from the Background Fluid Problem—differentiation of the physical
properties of the airway surface liquid from the physical properties of the background fluid, i.e., the

fluid used to perform the lavage.
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Initial analysis of microparticle tracking data from BAL fluids suggests a statistically significant
interaction between the airway surface liquid and the background fluid, either due to displacement of
the native intra-gel fluid by the background fluid, the formation of a gel structure in the background
fluid itself, or some combination thereof. In an effort to quantify this complex behavior and
characterize the airway surface liquid within BAL fluid, we have presented a protocol that can be
used to identify, and discard data from embedded tracer particles with a high likelihood of having
sampled the background fluid and not the airway surface liquid layer.

Subject-level distributions of the particle-wise diffusive parameter values reveals a potentially
rich source of information that will be more thoroughly explored over the course of the AREST
CF study. No statistically significant correlation was observed between the diffusive parameters
of the tracer particles and the subject-level meta data. This may either due to a lack of statistical
power, a true lack of correlation, or it may indicate that changes in the viscoelastic properties of
the airway surface liquid are upstream, early indicators of pulmonary pathogenesis before more
commonplace indicators of disease have manifested, and have therefore not yet been observed.
Importantly, simulations suggest that the observed changes in viscoelastic properties of the airway
surface liquid are nonetheless biologically relevant, even before mucus stasis and plugging occur.

Understanding the time course of disease will be critical to the future development of therapeutics,
both to gauge the effectiveness of compounds designed to treat the underlying genetic cause of CF,
as well as compounds designed to mitigate the downstream effects. To this end, these data reinforce
the utility of human bronchial epithelial cell cultures as a relevant model for early CF pathogenesis
on which new therapies may be tested. The use of human bronchial epithelial cell cultures facilitates
the personalization of therapies and we have demonstrated how data derived from such cell culture
models may be used to predict bioavailability of a compound through the airway surface liquid layer

for a subpopulation.
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