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Analyzing images has a long history in biology. As imaging technology and image

analysis techniques have grown more advanced and more widespread, the applica-

tions for image-based tools have dramatically increased. We develop image-based

analytical methods for two different biological applications in this thesis. In Chap-

ter 2, we develop Decorrelation Analysis to accurately measure submicron particle

size from individual particle trajectories captured during particle tracking experi-

ments, i.e. video ultramicroscopy. Though broadly useful, we intend this method

to be used in the physical characterization of heterogeneous biological samples,

and in particular extracellular vesicles, which garner substantial attention in im-

munology, oncology and drug delivery research.

In Chapter 3, we develop Spot Sauvola and Latent Heterogeneity Modeling

(LHM) for the purpose of exploring macropinocytosis heterogeneity, ‘phenotypic

profiling’, and quantifying macropinocytosis activity, ‘phenotype scoring’, from flu-

orescent images of adherent cells. Dramatic improvements in computing power,

image analysis methods and the development of fully-automated confocal micro-

scopes have driven the adoption of image-based high-throughput screening for

toxicity screening, phenotypic profiling and elucidating drug mechanism-of-action.

Because LHM does not heavily rely on huge data sets, we intend LHM to be used

by academic researchers analyzing image-based biological experiments for quan-

tifying cellular phenotypes in general and not just for macropinocytosis. A key



benefit of LHM is that results are biologically interpretable.

KRAS mutations are present in 25-30% of all human cancers, and have been

shown to upregulate constitutive macropinocytosis to scavenge extracellular nu-

trients in pancreatic cancer. Surprisingly, two particular KRAS mutation alleles

represent almost 2/3 of all pancreatic tumor cases, which could suggest a particu-

lar fitness advantage conferred by these specific mutation alleles and not conferred

by alleles found in other KRAS-dependent cancer types, such as non-small cell

lung cancer. In Chapter 4 we use the unique analytical tools developed in Chapter

3 to explore the possibility that macropinocytic scavenging is the specific fitness

advantage conferred by the mutation alleles KRASG12D and KRASG12V. Our

findings support the possibility that macropinocytosis is selectively conferred by

G12D and G12V amino acid substitutions but a much larger panel of mutation

alleles should be studied.
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Peace is here with you,

cooing, laughing, Together

Three souls sprout from two
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CHAPTER 1

INTRODUCTION

Cancer is characterized by aberrant cell growth and proliferation, which is enabled

by major reprogramming of cellular metabolism [59]. Transformed cells exhibit a

glycolytic metabolism with increased lactate production regardless of the presence

of oxygen [183, 196] and become addicted to the nonessential amino acid glutamine

[212, 193], likely to synthesize various biomolecules required to increase biomass

and fuel proliferation [131, 205]. Re-programming cellular metabolism induces

several interesting cellular phenotypes that have motivated this work.

Our lab and others have shown that the metabolic re-programming undergone

by cancer cells to sensitize them to glutamine deprivation upregulates the produc-

tion of large extracellular vesicles (EVs) [153, 92, 32]. Large EVs (“microvesicles”)

are shed directly from the plasma membrane whereas small EVs (“exosomes”) are

formed within multivesicular bodies and then secreted [141]. Thus, the observ-

able vesicle size is considered to indicate the unobservable biological provenance.

EVs are of significant interest in cancer research as cell-cell signals that promote

cell transformation [5], mediate cancer cell survival [89], prepare the pre-metastatic

niche [67], represent nonintrusive biomarkers for cancer diagnostics by liquid biopsy

[114] and could be repurposed as drug delivery vehicles with low immunogenicity

[85]. Importantly, microvesicles and exosomes have distinct mechanisms of biogen-

esis [107], carry different signals [35, 88] and mediate different signaling pathways

[203].

Because vesicle size, biogenesis and downstream function are linked, the bio-

physical characterization of extracellular vesicles is important. Yet, as will be

shown in Chapter 2, the standard measurement technique, nanoparticle tracking

1



analysis, may be inappropriate because the heterogeneity of EV samples is typi-

cally neglected in the analysis of particle tracking data. We established the limits

of this type of error in the context of measuring EVs and derived a more accurate

estimator in these cases. Our estimator is broadly useful in many particle tracking

applications, including intracellular particle tracking, and is particularly important

when either time- or ensemble- averaging is restricted.

Oncogenic transformations that induce glutamine addiction can also upregu-

late macropinocytosis [142]. Opportunistic scavenging of extracellular nutrients

has been shown to mitigate nutrient stress and promote cancer cell survival in

a variety of contexts [22]. For example, pancreatic tumors use macropinocytosis

to internalize serum albumin in vivo for lysosomal catabolism and thereby scav-

enge amino acids, including glutamine, as well as other important biosynthetic

precursors [76, 23, 29]. Therefore, glutamine addiction translates directly into

macropinocytosis addiction for these cancers, making macropinocytosis an inter-

esting pathway to study for developing therapeutics and targeting drug delivery

vehicles [54].

Despite the critical importance of studying macropinocytosis in detail, standard

methods to quantify macropinocytosis activity are rather rudimentary. In Chapter

3, we developed a high-content analysis method called Latent Heterogeneity Mod-

eling (LHM) in order to obtain more robust and more accurate macropinocytosis

activity measurements from fluorescent images than previous methods. To pro-

duce biologically interpretable results, we based LHM on segmented objects rather

than pixels, which required the development of a novel spot segmentation method

that we called Spot Sauvola. With LHM, we were also able to explore the hetero-

geneity of macropinocytosis, which was impossible with previous methods, and we

2



identified a subpopulation of macropinosomes that were growth factor inhibited

rather than growth factor stimulated.

In Chapter 4, we used LHM and Spot Sauvola to compare the macropinocytosis

activity induced by the expression of specific mutant KRAS alleles. KRAS is

mutated in the vast majority of pancreatic tumors and the distribution of mutation

alleles (remarkably almost 2/3 of all pancreatic tumors have either one of two

single amino acid substitutions at codon 12 of KRAS [56]) suggests a tissue-specific

fitness advantage [63]. Oncogenic KRAS also upregulates macropinocytosis and

macropinocytic scavenging [8, 23], but the impact of the specific mutation allele

on macropinocytosis has not been studied. We demonstrated that the two most

common mutation alleles in pancreatic cancer, G12D and G12V, equally increase

constitutive macropinocytosis. Our analytical methods developed in Chapter 3,

Spot Sauvola and LHM, required modifying only a single parameter for an entirely

new set of data, demonstrating the ability of these methods to be broadly and

easily implemented in studying macropinocytosis.
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CHAPTER 2

ACCURATE PARTICLE SIZE DISTRIBUTION MEASUREMENTS

OF DILUTE, POLYDISPERSE SUSPENSIONS USING

NANOPARTICLE TRACKING ANALYSIS

This chapter was adapted from the article:

John Hartman and Brian Kirby. Decorrelation correction for nanopar-

ticle tracking analysis of dilute polydisperse suspensions in bulk flow.

Phys. Rev. E 95, 033305 (2017) DOI: 10.1103/PhysRevE.95.033305

2.1 Abstract

Nanoparticle tracking analysis, a multi-probe single particle tracking technique, is

a widely used method to quickly determine the concentration and size distribu-

tion of colloidal particle suspensions. Many popular tools remove non-Brownian

components of particle motion by subtracting the ensemble-averaged displacement

at each time step, which is termed ‘de-drifting’. Though critical for accurate size

measurements, de-drifting is shown here to introduce significant biasing error and

can fundamentally limit the dynamic range of particle size that can be measured

for dilute, heterogeneous suspensions, such as biological extracellular vesicles. We

report a more accurate estimate of particle mean-squared displacement, which we

call Decorrelation Analysis, that accounts for correlations between individual and

ensemble particle motion, which are spuriously introduced by de-drifting. Par-

ticle tracking simulation and experimental results show that this approach more

accurately determines particle diameters for low concentration, polydisperse sus-

pensions when compared with standard de-drifting techniques.
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2.2 Background and Introduction

The analysis of multi-probe spatial positions tracked over time provides important

statistical information used in rendering super resolution microscopy images [151],

investigating cellular transport mechanisms in biological systems [200, 96], char-

acterizing local rheological properties of heterogeneous fluids, soft matter or cross-

linked polymer gels [106, 191, 206], and measuring the particle size distribution

(PSD) of nanoparticles in suspension [36, 103]. Empirical single particle tracking

(SPT) trajectories are necessarily a superposition of thermal Brownian motion and

particle localization errors. Additional sources of non-Brownian particle behavior

– such as platform vibration, mechanical drift, intentional or artifactual ballistic

motion, coupled motion and potential wells – confound statistical analyses that

consider Brownian motion only [159, 46, 105, 25, 10]. Therefore, approaches that

extract Brownian motion from a complicated mobility landscape are necessary for

reliable analyses in a variety of contexts.

When deviations from Brownian behavior are well understood, solving in par-

allel for both Brownian and non-Brownian motion statistics often produces opti-

mally accurate estimates [116, 143, 68]. These optimally accurate estimators are

generally derived from parametric models of non-Brownian motion or other errors

[189, 156, 148]. For example, random motion overlayed by uniform, constant di-

rected motion leads to first- and second-order terms for mean-squared displacement

(MSD), which can be determined simultaneously using maximum likelihood esti-

mation [112]. Orthogonal experiments that reduce the dimension of the parametric

model are also effective, such as using immobile beads to estimate localization er-

ror [157, 87]. Other models rely on particle interactions and thereby forego any

requirement to consider the underlying motion present in the bulk fluid [27]. How-

5



ever, accuracy in parameter estimation does not necessarily mean that the model

is appropriate for the given data set. For example, unbiased covariance-based es-

timators can outperform ‘optimal’ maximum likelihood estimators when particle

trajectories span relatively few time steps [187].

The most widely used approaches serially extract Brownian behavior by first

removing non-Brownian components of particle motion [26]. The effect is to revert

a non-stationary process, such as random motion superposed with heterogeneous

ballistic motion, to a stationary process. The standard strategy in SPT has been

to subtract an estimated non-Brownian motion defined by the ensemble-averaged

displacement in each time step, a process called ‘de-drifting’ or ‘de-trending’ in the

literature [26, 150]. Additional processing of this estimate, such as convolution with

a uniform weighting function, assumes Brownian and non-Brownian motion have

separable characteristic timescales. Choosing the span of the weighting function

is commonly subjective, such as in the popular IDL code [25], although first per-

forming an ellipticity analysis on SPT trajectories may offer reasonable values for

window span [120]. Less subjective approaches have been recently developed using

multiresolution wavelet analysis with universal thresholding, which have been em-

ployed to correct spatiotemporally heterogeneous advection of intracellular probes

in migrating cells [86] and to identify particular time steps in which displacements

are influenced by hydrodynamic interactions in the diffusion of confined probe par-

ticles [20]. To process the estimated non-Brownian motion relies on large SPT data

sets obtained by tracking large ensembles over numerous time steps.

Current de-drifting methods are important tools for SPT but require numer-

ous, monodisperse particles. De-drifting using small ensembles (those with few

particles) can erroneously reduce measured Brownian motion because ensemble-

6



averaged displacement and component particle displacements remain significantly

correlated. To prevent this effect, one can analyze only the components of particle

displacements orthogonal to the estimated drift vector, but displacement data sets

are inherently halved [39]. For identical particles, Bessel’s correction can provide

accurate determination of MSD after de-drifting with small ensembles [150]. This

correction factor extended the application of de-drifting to heterogeneous non-

Brownian motion by utilizing small ensembles of homogeneous particles from local

domains [80]. Yet, no correction factor has been developed for small ensembles

composed of particles with heterogeneous diffusive mobility. Savin et al. consid-

ered monodisperse probe particles in a complex fluid with heterogeneous viscosity

but used overlapping displacements, requiring a block-averaging technique in ad-

dition to de-drifting [158].

Residual correlations induce new and more complicated effects when they exist

in suspensions with heterogeneous diffusive mobility as compared to homogeneous

particle suspensions. These effects prevent the proper application of de-drifting

in several important SPT applications. De-drifting in nanoparticle tracking anal-

ysis (NTA) of highly disperse suspensions necessarily uses ensembles of particles

with different diffusive mobility. Improved measurement accuracy could be influ-

ential for characterizing the PSD of biological extracellular vesicles, where dilute,

polydisperse particle suspensions are commonly measured in applied fluid flow

[153, 42]. In addition, de-drifting in passive particle tracking microrheology of

complex media with heterogeneous viscoelastic properties may require ensembles

of monodisperse probes that are localized to regions with uniform collective motion

but different rheological properties. For these cases, standard (uncorrected) de-

drifting or de-drifting with a single correction factor per ensemble does not isolate

Brownian motion, and instead introduces artifacts into particle spatial positions,

7



as demonstrated in this work. For clarity, our work is presented in a single practical

context – NTA, wherein the desired output from analyzing numerous single particle

trajectories is the PSD. Heterogeneous diffusive mobility is clearly illustrated by

heterogeneous particle diameters, where we implement the Stokes-Einstein relation

to map between the two parameters.

This work is structured in four main sections. First, the methodology of SPT

simulations emulating NTA of suspensions composed of heterogeneous particles

embedded in a Newtonian fluid and NTA experiments of well-defined polystyrene

bead mixtures suspended in water are described. In Section 2.4.1, the removal of

bulk fluid motion, i.e. drift, by standard de-drifting is presented in general form,

replicating previous work on monodisperse suspensions (Section 2.4.2) and extend-

ing de-drifting to particle suspensions with arbitrary PSD (Section 2.4.3). The

general form clarifies the origin of spurious biasing of particle diameter introduced

by de-drifting for dilute, polydisperse particle diameter populations, and leads to

predicted error for previous SPT experiments (Section 2.4.4) and of predicted dy-

namic range limitations for the practical scenario of a single large particle in a bath

of small, identical particles (Section 2.4.5). Spurious biasing of particle diameter

has two competing influences. First, the residual correlation (O(2/N)) between

the estimated drift used in de-drifting and individual particle displacements re-

sults in subtracting away true Brownian motion. Second, composition-dependent

noise in the estimated non-Brownian motion adds spurious motion and may even

dominate the de-drifted displacement of particles with lower mobility, i.e. larger

particles in a high dispersity suspension. In Section 2.5.1, we report a de-drifting

method (Decorrelation Analysis) for SPT trajectories in multi-probe experiments

that contain temporally heterogeneous non-Brownian motion and where ensembles

may have heterogeneous diffusive mobility. Decorrelation Analysis (DA) effectively

8



isolates isotropic Brownian motion, as validated by simulations and experimental

data (Section 2.5.2). Throughout this work, we demonstrate the effect of convolv-

ing the estimated drift vector with a linear weighting function by comparing ‘raw’

and ‘smooth’ analyses (Table 2.1).

2.3 Methods

2.3.1 Simulations

To investigate the effect of de-drifting on ensembles composed of few particles with

heterogeneous diffusive mobility, we simulated 2D SPT trajectories in a Newtonian

fluid using MATLAB R⃝ version R2013a (The MathWorks, Natick, Massachusetts,

USA). In simulations characterizing artifacts introduced by standard de-drifting

with no corrections (Fig. 2.1,2.2,2.3) all particle trajectories spanned the equiva-

lent number of time steps, whereas in simulations benchmarking DA against other

correction methods (Fig. 2.4, 2.5, 2.6) each particle trajectory spanned a ran-

dom number of time steps between 100 and 1000 in order to better represent the

experimental conditions of NTA. Particle diameters were sampled from a probabil-

ity distribution with one, fLogN(x;µ1, σ1), or two lognormally distributed modes,

fa(x) = λ1fLogN(x;µ1, σ1) + λ2fLogN(x;µ2, σ2), where λ is the proportion of sam-

pling (
∑

i λi = 1), µ is the mean and σ is the standard deviation of the given mode.

Diameters were translated into diffusion constants by use of the Stokes-Einstein

relation, D = kbT/(3πηa), and used to generate particle trajectories consisting

of displacements sampled from a zero-mean normal distribution ∼ N (0, 2D∆t)

for each spatial dimension, where kb is the Boltzmann constant, T and η are the
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absolute temperature and dynamic viscosity, respectively, of the simulated New-

tonian fluid, a is particle diameter, and D is particle isotropic diffusion constant.

Time-varying non-Brownian motion, typically termed ‘drift’ as its primary cause

is often bulk fluid motion, was simulated for prescribed frequencies given the con-

stant time step, and applied uniformly to simulated particles at each time step. In

each dimension the superposition of Brownian (∆xBr) and non-Brownian motion

(utrue,x∆t) formed individual particle observed displacements,

∆xobs(ti) = ∆xBr(ti) + utrue,x(ti)∆t , (2.1)

and subsequent subtraction of estimated drift formed de-drifted displacements (i.e.

the inferred displacement of a particle after de-drifting),

∆xdd(ti) = ∆xBr(ti) +
(
utrue,x(ti) − uest,x(ti)

)
∆t . (2.2)

To demonstrate the effect of convolving a linear weighting function with the esti-

mated drift in the time domain, ‘raw’ (not time-averaged) values were compared

to ‘smooth’ (time-averaged using top-hat weighting function) values (Table 2.1).

Each particle track generated multiple sets of displacement data associated with

an analysis, and these data sets were analyzed in parallel during a particular itera-

tion of a simulation (see Table 2.1 for descriptions of analyses). Particle diameters

were computed individually using the Stokes-Einstein relation and lognormal dis-

tribution parameters were determined using the native Expectation-Maximization

algorithm gmdistribution initialized with mean values from the native k-Means

Clustering function kmeans assuming two distribution modes. Probability den-

sity functions created from the determined lognormal distribution parameters were

used to create distinct PSDs for each analysis approach.

10



2.3.2 Experiments

Experiments were performed using the NanoSight R⃝ NS300 (Malvern Instruments,

Malvern, UK) equipped with a 532nm laser source, sCMOS camera and soft-

ware version NTA 3.0 build 0068. 100- and 400nm polystyrene bead standards

(Thermo Fisher Scientific, Waltham, MA, USA) were diluted in 1% phosphate-

buffered saline (PBS). A Fusion 400 syringe pump (Chemyx Inc, Stafford, TX,

USA) generated uniform, constant flow in the suspending fluid and was physi-

cally coupled to a high frequency oscillator to generate uniform, dynamic flows.

The NanoSight R⃝ particle position data was exported and analyzed in MATLAB R⃝.

Some tracks were identified as ‘false’ and removed for all analyses. False tracks

were identified using the exported ‘true’ or ‘false’ track designation from the NTA

software with the additional criteria of a trajectory length threshold selected to

prevent a biased over-sampling of smaller particles that are more likely to jump in

and out of the camera field of view [156]. For quiescent bulk conditions, frame-by-

frame suspension composition was controlled by sampling particles from specific

size modes as specified by the size exported from NanoSight R⃝ and then dictating

the starting frame of the selected particle tracks. This process of recreating an

experiment with a controlled number of particles in each frame is possible only for

quiescent bulk conditions. Plots of the % error of PSD parameters from experi-

mental data use ‘true’ parameters that were measured in quiescent bulk conditions

for the same sample.
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2.4 De-drifting of SPT trajectories

2.4.1 Theory

SPT records individual particle’s spatial positions over time and weaves these

discrete positions together to create SPT trajectories that span any number of

time steps. Observed particle position in one spatial dimension at time step ti is

given by x(ti) = x(t0) +
∑i−1

l=0 ∆xobs(tl), where ∆xobs(tl) = x(tl+1) − x(tl). One-

dimensional observed particle displacement (∆xobs) is determined by a combination

of random thermal fluctuation and motion from a variety of possible non-Brownian

‘drift’ sources,

∆xobs(ti) = ∆xBr(ti) + udrift,x(ri, ti)∆t , (2.3)

where ri is two-dimensional particle position at time ti and ∆t is the constant

time lag between observations. Although the source-agnostic drift term, udrift,x,

can vary discretely in time and space, it is assumed constant over ∆t.

De-drifting is elegant in concept – simply remove the drift analytically by sub-

tracting an estimate, thereby including only Brownian motion in further analyses.

The presence of drift, i.e. bulk fluid flow, generates a nonzero mean displacement,

but de-drifting theoretically reverts particle displacement to a zero-mean process.

The estimate is taken as the ensemble-averaged displacement between time steps,

⟨∆xobs⟩
N

, where ⟨·⟩
N

indicates the average of an N -particle ensemble. The respec-

tive dynamics of drift and Brownian motion are generally considered separable such

that high-frequency components of the ensemble average are often filtered out to

obtain lower frequency drift by itself. For example, the popular MATLAB R⃝ im-

plementation of Crocker et al.’s IDL code uses a top-hat temporal filter [133]. The

choice of weighting function determines the power of spectral components remain-
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ing in the estimated drift. Here, a general linear weighting function is applied as

a central moving average and convolved with the ensemble-averaged displacement

to show the de-drifted displacement,

∆xdd(ti) = ∆xobs(ti) −
w−1
2∑

k=−w−1
2

{
Wk · ⟨∆xobs(ti+k)⟩

N

}
, (2.4)

where the weighting function has odd-valued span w and coefficients that sum to

unity (
∑

Wk = 1). Because particles can leave and enter the camera focal plane,

N is dependent on time step. The true spatial variation of drift determines the

spatil length scale over which particles may be ensemble-averaged for this purpose –

uniform bulk motion can be removed with a single ensemble whereas heterogeneous

bulk motion may require spatially localized ensembles [80]. In this manuscript, we

consider only uniform bulk motion because it is the expected form of directed

transport in NTA experiments. Applications with spatially heterogeneous drift

would require a method to define local ensembles, such as by machine learning

methods [113]. Substitution of Eq. (2.3) into Eq. (2.4) leads to

∆xdd(ti) = ∆xBr(ti) −
w−1
2∑

k=−w−1
2

{
Wk · ⟨∆xBr(ti+k)⟩

N

}
+ udrift,x(ri, ti)∆t

−
w−1
2∑

k=−w−1
2

{
Wk · ⟨udrift,x(ri, ti+k)∆t⟩

N

}
, (2.5)

where ⟨·⟩
N

has been considered a linear operator such that ⟨A+B⟩
N

= ⟨A⟩
N

+⟨B⟩
N

for arbitrary random variables A and B. For negligible spatiotemporal heterogene-

ity in the true drift given the particular ensemble and averaging window span, drift

terms cancel and de-drifted displacement is dependent only on particle Brownian

motion,

∆xdd(ti) = ∆xBr(ti) −
w−1
2∑

k=−w−1
2

{
Wk · ⟨∆xBr(ti+k)⟩

N

}
. (2.6)
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As N −→ 0, the resulting de-drifted displacement for an individual particle can

no longer be assumed fully independent of the other particles in the suspension.

It is well known that the variance of a sum of random variables A1+A2+· · ·+AN

is the sum of all covariances,

var

(
N∑

m=1

bmAm

)
=

N∑
m,j

bmbjcov (Am, Aj) , (2.7)

where b’s are constants. Because de-drifted displacement is a sum of random

variables all with zero mean, the variance of ∆xdd can be determined using Eq.

(2.7) and is equivalent to the MSD. The Brownian motion of any two particles

is not cross-correlated because hydrodynamic interactions are assumed negligible,

and single-particle Brownian motion is not autocorrelated in time. Importantly,

uncorrelated random variables have covariance equal to zero. Thus, the de-drifted

MSD simplifies to a sum of variances,

αdd
1 =

(
1 − 2W0

N

)
αBr
1 +

w−1
2∑

k=−w−1
2

{
W 2

k · 1

N
⟨αBr⟩

N

}
, (2.8)

where the subscript in αm identifies a specific probe particle m. Eq. (2.8) is an

important result of this work. The first term contains the independent Brownian

motion of an arbitrary particle 1 that is to be measured, and the second term

represents the influence of the other tracked particles. This equation demonstrates

that de-drifting, though removing correlated bulk fluid motion, introduces spurious

correlations in the motion of particles composing the ensemble used to estimate

drift. Equivalently stated, de-drifting converts the original displacement data series

to a stationary process, but does not recreate a process describing the independent

motion of a single Brownian particle.
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Analysis name Displacement data set MSD calculation a

Specified PSD (continuous) - -

Sampled PSD (discrete) - 4kbT
3πηa

No correction ∆xobs ⟨|∆r|2⟩
Perfect correction ∆xBr ⟨|∆r|2⟩
Raw de-drifting Eq. (2.6) with w = 1,W0 = 1 ⟨|∆r|2⟩
Smooth de-drifting Eq. (2.6) with Wk = 1/w ⟨|∆r|2⟩
Monodisperse correction [150] Eq. (2.6) with w = 1,W0 = 1 ⟨|∆r|2⟩ · (1 − 1/N)
Raw Decorrelation Analysis - Eq. (2.12) with w = 1
Smooth Decorrelation Analysis - Eq. (2.12) with Wk = 1/w

Table 2.1: Methods to generate PSDs used in this work. ‘Specified PSD’
is a continuous probability density function generated from the summation of two
lognormally-distributed random variables with specified parameters, and therefore
is not associated with a set of displacements nor any calculation of MSD. ‘Sam-
pled PSD’ contains the particle diameter values that were sampled from ‘Specified
PSD’ in SPT simulations, and therefore is associated with the discrete MSD val-
ues used to generate particle trajectories. ‘No correction’ implies that observed
particle trajectories were not modified in any manner. ‘Perfect correction’ only
considers particles’ Brownian motion, and therefore represents ideal values given
instrument broadening. ‘Monodisperse correction’ utilizes the MSD correction fac-
tor from [150]. Both ‘Raw de-drifting’ and ‘Smooth de-drifting’ are presented in
order to illustrate the effect of applying linear weighting functions to estimated
non-Brownian motion. Accordingly, both ‘Raw DA’ and ‘Smooth DA’ forms are
presented for clarity. Although only the x component of displacement is shown,
the y component is equivalently determined, and ∆r2 = ∆x2 + ∆y2 is used in
calculations of MSD. a Individual particle MSDs were converted into suspension
PSDs by using k-means Clustering to initialize Gaussian mixture model fitting of
multivariate distribution parameters, as described in the Methods section.

2.4.2 Monodisperse SPT

Monodisperse particle suspensions are composed of particles with essentially equiv-

alent diameter and therefore equivalent diffusive mobility. In this section, we

validate simulation results with the literature on monodisperse suspensions and

describe the effect of time-averaging, i.e. smoothing, estimated drift on measured

PSDs. An unsmoothed approach (‘Raw de-drifting’) is compared to a smoothed

approach (‘Smooth de-drifting’) to characterize the effect of time-averaging (see

Table 2.1 for description of analyses).
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In dilute, monodisperse suspensions, Monte Carlo (MC)-averaged distribution

means and variances show that de-drifting introduced spurious peak shifts in the

PSD. Bulk fluid displacement approximated by the unprocessed ensemble-averaged

measured particle displacement consistently over-estimated particle sizes, and the

error magnitude was inversely related to the total number of tracked particles per

time step (‘Raw de-drifted’ in Fig. 2.1a). Previous reports have made the same

observations [150, 80]. By assuming that averaged particle fluctuations originate

only from bulk fluid motion, this approach spuriously subtracted away a portion

of particle fluctuation, reducing MSD and increasing inferred diameter. For raw

de-drifting of a monodisperse particle suspension (αBr
1 = αBr

2 = · · · = αBr
N = αBr),

Eq. (2.8) simplifies to αdd
1 = (1 − 1/N)αBr, where the coefficient (1 − 1/N) has

been described as an MSD correction factor [150, 80]. Thus, for monodisperse sus-

pensions, ensemble-averages remain correlated to the individual parts with scaling

O( 1
N

). As N −→ ∞, ensemble-averaged estimates become correct.

Smoothing the estimated drift signal can reduce high-frequency components

that remain correlated to individual particle motion. Smoothing effectively aug-

ments the number of particles in the ensemble by considering adjacent values in the

estimated drift. Distributions determined from 20 particles per time step, Nt = 20,

for example, were identical to distributions determined from 4 particles per time

step but 20 particles per averaging window, Nw = 20 (Fig. 2.1a,b,c). The equiv-

alent distribution shifts for these two conditions show that time averaging simply

expands the number of particles used to estimate drift, systematically reducing

spurious peak shifts at the cost of temporal resolution in the estimated drift.
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Figure 2.1: De-drifting causes particle number- and composition-depen-
dent errors related to the correlation between estimated drift and par-
ticle displacement. (a–c) P̂ r is the measured probability density distribution
normalized by the ‘Perfect correction’. PSDs represent MC-averaged (1000 itera-
tions) distribution parameters measured from different total number particles per
time step, Nt, or per window, Nw. The magnitude of peak shift was inversely re-
lated to the number of particles defined by the ensemble and the direction of shift
depended on the suspension composition. Particles were sampled equally from
lognormal distributions with standard deviation σ = 8nm and applied constant
drift (1µm/s). (d–f) R̂xy is the unbiased zero-lag cross-correlation function, Eq.
(2.9), normalized by the ‘Observed’ value for each peak. Data points represent
the MC average ±2σ in the case of Nt = 4, 2e5 displacements per particle and no
applied drift. Data points (circles) indicate whether the spurious peak shift was
dominated by residual correlation (< 1) or introduced correlation (> 1). Legend
indicates vectors being assessed for correlation.

2.4.3 Polydisperse SPT

Polydisperse particle suspensions are composed of particles with heterogeneous

diameters. SPT simulations demonstrate that the magnitude and direction of par-

ticle diameter biasing introduced by standard de-drifting is not equivalent for both

subpopulations of a bi-modal PSD. Results from this section are presented in the
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context of NTA but are also applicable for SPT-based microrheology measurements

of complex fluids with heterogeneous rheological properties.

Similar to the monodisperse case, de-drifting the motion of particles sampled

from bi-modal PSDs demonstrated an inverse relationship between the magnitude

of spurious peak shifts and the total number of tracked particles. As the number of

tracked particles increased, size measurements for both populations became more

accurate (Fig. 2.1b,c).

Simulations of tracked particles sampled from two different bi-modal PSDs show

that biases in the measured diameter are a function of suspension composition.

Two subpopulations close in mean diameter both exhibited over-estimated particle

diameters (Fig. 2.1b); for example, 200- and 400-nm particles appeared to be 291-

and 457-nm, respectively. On the other hand, two subpopulations far apart in mean

diameter exhibited a varied biasing of particle diameter (Fig. 2.1c), where 100nm

particles appeared larger (152nm) but 400nm particles appeared smaller (355nm).

The role of the suspension composition in de-drifting has been inherently neglected

by studies of monodisperse suspensions.

The varied nature of particle diameter biasing in SPT simulations of bi-modal

particle suspensions occurs because the net shift in size depends on two counteract-

ing influences represented by the two main terms in Eq. (2.8). First, as described

for monodisperse suspensions, residual correlation between the estimated drift and

individual particle motion causes vector subtraction to erroneously remove a por-

tion of Brownian motion. The first term of Eq. (2.8) shows that this error is

O(2W0

N
). To better understand the second influence, consider the limit case of a

motionless particle. Because this particle has no inherent diffusive MSD, de-drift-

ing adds, rather than subtracts, particle motion equivalent to the opposite of the
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estimated drift vector. Thus, the inferred particle diameter, which in theory is

infinite, is instead a finite value fully determined by the motion of other particles

in the ensemble. This limit case represents high dispersity suspensions composed

of particles with widely varying diffusive mobility. Disparities in diffusive mobility

create disparities between particles in the relative magnitude of noise introduced

by subtracting the ensemble-averaged displacement. Depending on the exact com-

position, this noise can dominate the inferred displacement of less mobile, larger

particles. The second term of Eq. (2.8) shows that this error scales with O(
wW 2

k

N
ϕ),

where ϕ = ⟨α
Br

αBr
1
⟩
N

is a measure of the dispersity relative to the particle being mea-

sured. The greater the dispersity or the smaller the relative mobility of the particle

being measured, the greater the influence of this type of error.

In accordance with these scaling arguments, particle diameters sampled from

a bi-modal PSD with peak means close in value were over-estimated, i.e. the

dominating influence of de-drifting was the removal of a portion of Brownian mo-

tion (Fig. 2.1b). Individual de-drifted displacements and the ensemble average

remained correlated because of small Nt, and noise associated with the ensemble

average did not dominate the inferred displacement of larger particles.

Particle diameters sampled from a bi-modal PSD with peak means further

apart exhibited varied biasing of inferred particle diameter because the dominant

influence on biasing error was dependent on diameter (Fig. 2.1c). Correlated

subtraction again introduced spurious peak shifts toward larger diameters, which

dominated the net biasing of 100nm particles. For these smaller particles, the

noise in the estimated drift did not drown out Brownian motion. Larger particles,

however, have lower diffusive mobility and the relative magnitude of the noise was

greater compared to particle Brownian motion. Uncorrelated vector subtraction
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of the ensemble-averaged displacement added noise whose magnitude dominated

the inferred particle displacement, decreasing the inferred diameter of less-mobile

400nm particles.

To demonstrate the dominant source of particle size biasing, we traced the

average value of the cross-correlation function between the estimated drift and

individual particle displacements through de-drifting. Investigating only the cor-

relations associated with the de-drifting step was achieved in simulations with no

applied drift and by evaluating the cross-correlation function at zero lag for each

individual particle,

Rm =
1

T

T∑
t=1

∆rm⟨∆̃r
obs

⟩
N

, (2.9)

where m indicates the arbitrary particle identification number, T is the total num-

ber of displacements in the trajectory and ⟨∆̃r
obs

⟩
N

is the complex conjugate of

the estimated drift. The imaginary vector component was equal to the y-direc-

tion component of the estimated drift vector. Then, the cross-correlation function

value for a particular size subpopulation was determined by averaging Rm over

the particles composing that population. Simulations in which peaks spuriously

shift toward larger diameters show that the observed displacement correlated most

strongly with the estimated drift and that de-drifting reduced this correlation (Fig.

2.1d,e). Because the simulations here do not include an applied drift, reducing

correlation corresponded to spurious removal of a portion of the true Brownian

motion. Underestimated particle diameter, however, corresponded with increased

correlation between particle de-drifted displacement and estimated drift, indicat-

ing that the estimated drift vector erroneously dominated the particle de-drifted

displacement (Fig. 2.1f). Therefore, the fluctuating motion of the other particles

in the suspension mostly determined the estimated diameter of less-mobile, larger

particles.
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2.4.4 Quantifying systematic bias of de-drifted particle

MSD

There are circumstances when predicting the error caused by de-drifting may be

important, such as to re-evaluate previous SPT results. In this section, we demon-

strate a straightforward method to make analytical predictions of bias, and then

show that these predictions agree perfectly with true bias calculated from simulated

SPT trajectories (Fig. 2.2).

For a top-hat temporal filter, the linear weighting function coefficients are de-

fined by Wk = 1
w
∀ k. By applying the Stokes-Einstein relation, Eq. (2.8) simplifies

to,

aBr
1

add1
=

(
1 − 2

wN

)
+

1

wN2

N∑
m=1

aBr
1

aBr
m

, (2.10)

where all N particles were tracked over the same time steps and under the same

conditions, add is the ‘de-drifted diameter’ (inferred diameter after de-drifting)

and aBr is the true hydrodynamic diameter. Eq. (2.10) re-iterates the scaling

argument made above – that shifts in particle diameter depend on relative, rather

than absolute, diameters in the particle suspension.

De-drifting introduces equivalent relative bias in the inferred particle diameter

for monodisperse suspensions regardless of diameter. The magnitude of the peak

shift reproduces previous results in the literature [150] and depends on the total

number of particles. Furthermore, the value of the y value in Fig. 2.2 indicates the

direction of the peak shift, corroborating that de-drifting monodisperse suspensions

always causes over-estimation of inferred particle diameter (aBr/add < 1).

De-drifting particle motion in SPT simulations of polydisperse suspensions,
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Figure 2.2: Spurious shifts from simulated particle motion are exactly
predicted analytically. Results from SPT simulations of bi-modal PSDs with
100nm- and 400nm-diameter peak means (a) or 200nm- and 400nm-diameter peak
means (b) are shown. The y axes are a measure of the spurious peak shifting
caused by de-drifting where values > 1 correspond to under-estimated diameter
(add < aBr), values = 1 have no bias (add = aBr) and values < 1 correspond to
over-estimated diameter (add > aBr). Lines represent the result of Eq. (2.10)
given the relative number of each subpopulation that was simulated. Data points
represent the average diameter ratio of the indicated size subpopulation (empty
square or filled diamond) calculated from 10 simulations in which particles were
tracked for 1e4 displacements with no bulk flow. Line color/style represent five
cases corresponding to the number of small:large particles in ∞:0 (red/line), 3:1
(green/dotted), 1:1 (cyan/dot dash), 1:3 (blue/dash) and 0:∞ (red/line) ratios.
The inset in (b) zooms in on the case N = 8 in order to better visualize the agree-
ment between analytical and simulation results. Analytically calculated bias and
true bias calculated from simulated trajectories are in perfect agreement, demon-
strating that Eq. (2.10) predicts composition-dependent error introduced by de-
drifting.
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represented by particle sizes sampled from two different bi-modal PSDs, causes

spurious shifts in inferred particle diameter that perfectly match the shifts pre-

dicted by analytical curves. Both the relative diameters of the size modes and the

relative number of particles from each mode contribute to spurious peak shifts.

MC simulations with 100- and 400-nm (Fig. 2.2a) and 200- and 400-nm (Fig.

2.2b) size modes shows both over- (add > aBr) and under-estimated (add < aBr)

inferred particle diameter. There is perfect agreement between simulation results

and analytical curves across mono- and poly-disperse suspensions with varying lev-

els of dispersity, indicating that Eq. (2.10) is a straightforward analytical method

to assess de-drifting-related biasing error for particle suspensions with arbitrary

dispersity.

2.4.5 Limitations for single large particles

Accurate measurement of very low numbers of large particles in a bath of smaller

particles is an important practical concern for NTA, especially for the character-

ization of tumor-derived extracellular vesicles, which are dilute, polydisperse and

measured in applied bulk flow [42, 153]. Importantly, the large-diameter portion

of the PSD has typically been reported as a small tail of the distribution or a small

secondary peak [122], and thus these particles are likely strongly affected by the

biasing effect described herein. To assess the limitations imposed by de-drifting in

this relevant scenario, SPT simulations were performed using a single large particle

of diameter abig in a bath of identical small particles of diameter abath. Fig. 2.3

shows the inferred diameter of a particle ∞- (i.e. motionless), 100-, 10-, 5-, 3- and

1-times the diameter defined by the homogeneous bath particles and results are

plotted as a function of true diameter ratio, ζ = abig/abath, de-drifted diameter
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ratio, ζdd = addbig/abath and ensemble size per time step, N . Differences between ζ

and ζdd indicate biasing in particle diameter caused by de-drifting.

In general, the accuracy of inferred diameter increases with N and decreases

with diameter ratio, ζdd. More numerous particles (N −→ ∞) better estimate the

true bulk fluid flow and reduce remaining correlation between particle de-drifted

displacements and the estimated drift. Larger particles move less and their inferred

diameters are more susceptible to noise in the estimated drift. Even with N = 50, a

1µm particle in a bath of 100nm particles would be measured as having a diameter

of 0.865µm. Special mention should be made of the case ζ = 3, in which the two

counteracting biases essentially cancel out. It is easily shown from Eq. (2.10) that

ζ = 3 is the transition diameter ratio, at which net biasing transitions from over- to

under-estimation.

2.5 De-correlation Analysis

Given that de-drifting removes motion associated with the bulk fluid yet intro-

duces error by correlating particle motion, in this section we present an additional

processing step that corrects for correlated particle motion. Low particle density

causes de-drifting to systematically bias inferred particle diameter because the

ensemble-averaged displacement either remains correlated to particle motion or

contains sufficient noise to drown out less mobile, larger particle Brownian mo-

tion. We use the term ‘Decorrelation Analysis’ to describe the combination of

removing bulk motion by de-drifting and removing introduced correlations by ma-

trix inversion, as shown below. The solution provided here applies to suspensions

of particles with arbitrary diameters and is straightforward to implement. The
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Figure 2.3: Accuracy of a single large particle in a bath of small particles.
Results from SPT simulations of N − 1 bath particles and a single large particle
over a range of diameters, ζ = abig/abath. Plots show (a) a broad range and (b)
a practical range of ζ for vesicles. The y axes are the de-drifted diameter ratio,
ζdd = addbig/abath, while ζ indicates the true diameter ratio, thus the de-drifted
ratio approaches the known true ratio as N −→ ∞. Whether values approach
ζ from ∞+ or ∞− indicates the dominant source of error.
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improved accuracy in measuring particle diameter permits reduced smoothing of

the estimated drift and better maintains the temporal resolution of the analysis.

2.5.1 Theory

The MSD of particle Brownian motion, αBr, is the desired quantity for size de-

termination using NTA. In most studies to date, the de-drifted MSD (Eq. (2.8))

is used rather than the MSD of Brownian motion, which is valid only for large

ensembles of particles. When ensembles are small, however, Eq. (2.8) must be

simultaneously solved for αBr for all tracked particles. Translating Eq. (2.8) into

matrix form requires the approximation that all N particles are tracked for the

duration of the averaging window centered at time step ti, which is reasonable

when averaging windows span much fewer time steps than particle trajectories.

Thus,

αdd =

(1 − 2W0

N

)
δ +

 1

N2

w−1
2∑

k=−w−1
2

W 2
k

1

 ·αBr , (2.11)

where δ is the identity matrix, 1 is an N × N matrix of ones, and both αdd and

αBr are vectors containing de-drifted and Brownian motion MSDs, respectively,

for all N particles. The dimensions of MSD vectors may vary in each time step

as N changes. If the linear weighting function is an unweighted moving average

(Wk = 1
w
∀k), the bracketed matrix can be inverted analytically using a method

for sums of matrices [118],

αBr =
w

wN − 2

(
Nδ − 1

wN − 1
1

)
·αdd , (2.12)

providing a straightforward calculation of de-drifted and de-correlated MSD related

only to the Brownian motion of each particle. The identity matrix term contains

the correction for correlated subtraction whereas the ones matrix term contains
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the correction for uncorrelated subtraction. This solution reflects the concept of

ergodicity: time-averaging for w −→ ∞ is equivalent to ensemble-averaging for

N −→ ∞. Consistent with expectations, as N or w −→ ∞, de-drifting effectively

removes bulk fluid flow without causing bias in the inferred MSD. Time-averag-

ing, however, will reduce the temporal resolution of the estimated drift, which is

important for dynamic bulk flows. Eq. (2.12) represents particle DA MSDs over

time, and therefore a single particle has as many definitions as time steps in its

trajectory. An unweighted average of a particle’s DA MSD signal provides a good

estimate for mapping to a single value for calculating particle diameter.

2.5.2 Benchmarking

In this section, simulations and experimental data validate the gains in measure-

ment accuracy attributable to a follow-on de-correlation step (Eq. (2.12)) relative

to de-drifting alone and to a monodisperse correction [150]. As opposed to current

processing approaches to increase accuracy such as time averaging the estimated

drift signal, de-correlation does not require reduced temporal resolution.

Uniform, constant drift

DA (Eq. (2.12)) was benchmarked against standard de-drifting approaches us-

ing SPT simulations and experiments. SPT simulations were implemented with

real-world conditions, in which particle tracks do not contain equivalent statisti-

cal information. Particle trajectory spans of varying length (100–1000 time steps)

begin at random time points within the simulation and the number of particles

for each time step varied around a specified average composition. To reduce in-
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strument broadening [139], particle trajectories spanned many time steps, and to

reduce distribution fitting error, numerous particle tracks were simulated. Sim-

ulations applied a constant, uniform bulk fluid flow; however, experiments were

performed with no applied bulk flow because syringe pump jitter can introduce

dynamic drift [98]. A ‘true’ measurement for % error of PSD parameters was

obtained without any drift correction. For the purposes of evaluating error intro-

duced by different drift correction methods, zero bulk flow and constant, uniform

bulk flow are equivalent.

Data from particle tracking experiments (Fig. 2.4c,d) validated simulation re-

sults (Fig. 2.4a,b). The % errors of peak means determined from experiment

and simulation data were in good agreement for a given diameter subpopulation

(square or diamond markers) and particle ensemble number (marker size). For

example, % error of peak mean for ‘raw’ de-drifted 100nm particles was 26% vs.

30% (Nt = 6), 12% vs. 14% (Nt = 12), 8% vs. 10% (Nt = 18) in simulation vs. ex-

periment, respectively. Calculated % errors of peak standard deviations generally

shifted toward ∞+ in experimental analyses relative to simulations (red markers),

i.e. distribution peaks were uniformly broader. Shorter particle trajectories in

experiments compared to simulations may have caused this broadening because

it was observed that NanoSight R⃝ artificially cuts particle trajectories short after

∼100 time steps.

Both simulated (Fig. 2.4a,b) and experimental results (Fig. 2.4c,d) reproduced

the varied magnitude and direction of spurious PSD peak shifts introduced by stan-

dard de-drifting approaches when used for dilute, polydisperse suspensions. For

both ‘raw’ and ‘smooth’ de-drifting (red markers - Fig. 2.4), results corroborated

previous figures – varying the total number of particles tracked in each time step
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Figure 2.4: Simulations and experiments demonstrate that DA is more
accurate than de-drifting for constant, uniform bulk flow measurement
conditions. Plots show % error of distribution parameters obtained from analysis
of SPT simulations using the ‘raw’ estimated drift (a) and ‘smooth’ estimated drift
(b), as well as from a particle tracking experiment using the ‘raw’ estimated drift (c)
and ‘smooth’ estimated drift (d). Marker shape represents size mode, marker color
represents the approach used for determining particle diameters, and marker size
indicates the target number of particles in each time step – either 6 (large), 12, or
18 (small). (a)(b) For simulations, particle diameters were sampled from bi-modal
100- and 400-nm lognormal distributions (σ = 10nm) and prescribed trajectories
with a random number of time steps (between 100–1000) in the presence of 65µm/s
bulk fluid flow (∼10 seconds to traverse NanoSight R⃝ field of view). Plotted values
represent averages from 100 simulations. (c)(d) For experimental data, 100nm-
and 400nm-diameter polystyrene bead standards were tracked in quiescent fluid,

and the number of particles in each time step was controlled in post-processing.
In both simulations and experiments, de-correlating after de-drifting obtained the
lowest % error of peak mean of all approaches for a given number of particles in
each time step.
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modulated the magnitude of peak shifts, as illustrated by red markers moving away

from the origin along the x axis for decreasing ensemble number. Plots also re-

produced the different direction of peak shifts for 100- and 400nm subpopulations.

The positive % error of peak mean values for 100nm subpopulations indicate spuri-

ously over-estimated particle diameter, whereas the negative error values for 400nm

subpopulations indicate spuriously under-estimated particle diameters. Two com-

peting influences caused by de-drifting using the ensemble-averaged displacement

are responsible: one, correlated subtraction removes Brownian motion, increasing

inferred particle diameter; and two, improperly interpreted noise adds Brownian

motion, decreasing inferred particle diameter.

DA (Eq. (2.12)) more accurately determined PSD peak means than de-drifting

without a de-correlation step (Eq. (2.2)). Results in Fig. 2.4 show reduced % error

magnitude for DA peak means (green markers) relative to de-drifted peak means

(red markers). De-drifting introduced spurious peak shifts dependent on particle

number, but the addition of a de-correlation step removed this dependence on

particle density, thus all green markers regardless of time step ensemble number

align at x = 0. A monodisperse correction method [150](blue markers) does not

improve the peak mean estimate (Fig. 2.4a,c).

Smoothing the estimated drift signal dramatically improved inferred PSD peak

standard deviation accuracy for both standard de-drifting and de-drifting plus

de-correlation (Fig. 2.4b,d). Smoothing the estimated drift signal effectively aug-

mented the ensemble size by considering the motion of particles in neighboring

time steps, and larger ensembles will reduce error introduced by de-drifting. For

experimental data analyzed by standard de-drifting with 6 particles per time step

and a moving window average spanning 5 time steps (Nw = 30), the % error in
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the distribution standard deviation decreased from 32.6% to -0.1% (Fig. 2.4c,d).

Similarly, corresponding simulations of Nw = 30 show a reduction from 148% to

11% in the % error of standard deviation.

Uniform, time-varying drift

When dynamic bulk flows contribute to particle motion, smoothing the estimated

drift time series may not just reduce noise in that signal but also eliminate high-

frequency components of true fluid motion. To demonstrate the effects of smooth-

ing estimated drift under measurement conditions of high frequency oscillatory

bulk flows (as expected with vibration in experimental setups), SPT simulations

(Fig. 2.5a) and experiments (Fig. 2.5b) were performed with applied uniform,

constant and uniform, oscillatory superimposed bulk flows. Simulated bulk flows

matched experimental drift as estimated by Fourier-transform analysis of the ex-

perimental ensemble-averaged displacement time series. For calculating % error

with experimental data, bi-modal distribution means and standard deviations were

first determined under quiescent conditions. Experimental particle position data

in quiescent fluid could be post-processed to control the number of particles per

frame but the same approach is not possible with dynamic flows because particles

at different time points in the experiment also experience different fluid motion.

Simulations show that smoothing the ensemble-averaged displacement time se-

ries, i.e. estimated drift, removed true bulk fluid motion and decreased measure-

ment accuracy for dilute, bi-modal particle suspensions tracked in oscillatory bulk

flows (Fig. 2.5a). Removing the true oscillatory fluid motion from the estimated

drift vector meant that high-frequency components of bulk flow were misinter-

preted as particle Brownian motion, and ‘smooth’ DA did not properly isolate
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particle Brownian motion. As a result, ‘smooth’ DA underestimated particle di-

ameters and % error of peak mean spuriously shifted away from the origin (blue

markers). Because true fluid motion was spuriously removed, the % error of peak

mean inferred using a ‘smooth’ analysis (blue markers) approached diameters in-

ferred from Eq. (2.4) with no drift subtraction step at all (data not shown). The

conclusion from Fig. 2.5 is that, while smoothing can be advantageous under the

proper conditions, smoothing can disadvantageous if bulk fluid motion contains

high-frequency components.

Particle tracking experiments validated simulation results, demonstrating the

importance of maintaining temporal resolution of the estimated drift signal when

oscillatory bulk flows were present (Fig. 2.5b). Similar to simulation, a ‘smooth’

approach removed high frequency components of the true bulk fluid motion and the

corresponding % error of peak mean (blue markers) approached values determined

without a drift subtraction step (data not shown). On the other hand, a ‘raw’

approach successfully compensated for dynamic drift, as demonstrated by % error

magnitudes close to the origin (green markers). Experimental validation shows

that ‘raw’ and ‘smooth’ approaches obtained similar magnitude but oppositely

signed % errors of peak standard deviations.

Mono-modal PSD with high dispersity

In Section 2.4.4, SPT simulations of suspensions with bi-modal PSDs demonstrated

that, in a suspension with high dispersity, standard de-drifting could bias smaller

particles toward larger diameters and larger particles toward smaller diameters,

with a net biasing effect that peaks shifted toward each other. More generally, this

effect leads to an overall compression of the PSD, which is important for interpret-
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Figure 2.5: A ‘raw’ approach determined more accurate PSDs than a
‘smooth’ approach in oscillatory bulk flow conditions. Plots show % error
of distribution parameters obtained from DA of SPT simulations (a) and data from
a particle tracking experiment (b) in which uniform bulk flows with constant and
oscillatory components were present. The frequency spectrum of applied simulated
bulk flow was matched to the frequency spectrum of the experimental ensemble-
averaged displacement time series using Fourier-transform analysis. Marker shape
represents size mode, marker color represents the approach used for determining
particle diameters and, for simulations only, marker size indicates the target num-
ber of particles in each time step – either 6 (large), 12, or 18 (small). In both
simulations and experiments, ‘raw’ DA bulk flow removal obtained the lowest %
error of peak mean of all approaches for a given number of particles in each time
step. Smoothing the estimated drift time series removed true oscillatory drift such
that subtracting the ‘smooth’ estimated drift did not remove high frequency bulk
flow components, spuriously underestimating inferred particle diameters.
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ing broadly distributed populations. For example, NTA of biological extracellular

vesicles often measures a PSD with a single, broad peak [182]. In this section, SPT

simulations reflecting the important experimental scenario of a mono-modal PSD

with high dispersity were used to compare DA with current de-drifting approaches,

which do not account for heterogeneous particle diameters.

SPT simulations showed that de-drifting of suspensions with mono-modal PSDs

introduced a spurious peak shift in the distribution mean, which was most accu-

rately corrected by DA. Particle trajectory spans of varying length began at ran-

dom time steps within the simulation such that the number of particles for each

time step varied around 4 particles. Although these simulated suspensions were

mono-modal, particles were not mono-disperse given the relative wide peak cen-

tered at 165nm. De-drifting spuriously shifted the MC-averaged distribution mean

from 165nm to 201nm (open circles vs. red marks, Fig. 2.6a). A monodisperse cor-

rection factor partially reduced the spurious peak shift, obtaining an MC-averaged

distribution mean of 152nm. However, neither de-drifting nor de-drifting with a

monodisperse correction factor measured the MC-averaged distribution mean as

accurately as DA, which found a peak mean at 167nm. Thus, the error in peak

mean varied from 22%, -8% and 1% for raw de-drifting, a monodisperse correction

and raw DA, respectively.

De-drifting spuriously narrowed the PSD relative to the PSD made up of sam-

pled particle diameters (σ = 75nm), and this effect was again best corrected by

DA. De-drifting spuriously narrowed the PSD, determining an MC-averaged stan-

dard deviation of 65nm. A monodisperse correction factor further decreased the

standard deviation to 49nm, whereas DA better estimated peak width, finding

a standard deviation of 82nm. Thus, the error in peak standard deviation varied
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Figure 2.6: Simulations demonstrate that DA is more accurate than de-
drifting for a broad, mono-modal PSD. Plots show MC-averaged binned
histograms of particle diameter obtained from analysis of SPT simulations us-
ing ‘raw’ estimated drift (a) and ‘smooth’ estimated drift (w = 3) (b). Par-
ticle diameters were sampled from a lognormal PSD (open circles) defined by
fLogN(x;µ = 165nm, σ = 75nm), and prescribed trajectories with a random num-
ber of time steps between 1000–2000 that began at random time steps such that
Nt ≈ 4 particles. DA (Eq. (2.12), green asterisks), is compared to standard de-
drifting (Eq. (2.8), red marks) and to standard de-drifting with a monodisperse
correction factor (blue marks) [150, 80]. Plotted values represent averages from
100 simulations. DA histogram values were nearly identical to binned sampled
diameters, demonstrating high measurement accuracy regardless of particle diam-
eter. On the other hand, current de-drifting methods both spuriously shift and
spuriously narrow the PSD.
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from −13%, −35% and 9% for raw de-drifting, a monodisperse correction and raw

DA, respectively. Narrowed distributions follow directly from the varied biasing

of particle diameters as a function of relative diffusive mobility – larger particles

are spuriously measured smaller because noise in the estimated drift adds apparent

Brownian motion whereas smaller particles are spuriously measured larger because

Brownian motion is spuriously subtracted. Section 2.4.4 isolated this pinching ef-

fect using two separate peaks in the PSD, which effectively showed individual

particle diameter biasing because peaks were very narrow. In this section, Fig.

2.6 shows that the integrated individual particle diameter bias on a broad dis-

tribution spuriously narrows the distribution peak. The monodisperse correction

factor intends to correct for these spurious shifts introduced by de-drifting, but

cannot account for polydispersity. Thus, the ratio of σ/µ remains constant as all

particle diameters are shifted equivalently. DA more accurately corrects spurious

shifts caused by de-drifting because DA properly accounts for different particle

diameters; however, peak width generally increases slightly. Peak broadening oc-

curs because the corrections are functions of other particles in the frame, which

are themselves of uncertain diameter. This leads to systematic deviation from a

normal distribution to a t-distribution, which has wider tails.

Time averaging the estimated drift before vector subtraction greatly improved

the measured distribution for both standard de-drifting and DA. The MC-av-

eraged distribution parameters for raw and smooth de-drifting methods were

fLogN(x;µ = 201nm, σ = 65nm) and fLogN(x;µ = 175nm, σ = 71nm), respec-

tively, for an averaging window span w = 3 time steps. Similarly, time averaging

improved the measured distribution parameters for raw and smooth DA, resulting

in fLogN(x;µ = 167nm, σ = 82nm) and fLogN(x;µ = 165nm, σ = 75nm). The dis-

advantage of time averaging is reduced temporal resolution of high frequency bulk
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motion components, as demonstrated in Fig. 2.5. Importantly, Raw DA measured

more accurate distribution means, showing that DA is preferred over standard

de-drifting when the spectral components of bulk fluid motion are unknown.

2.6 Discussion

NTA is an increasingly popular, SPT-based characterization method that accu-

rately and quickly determines colloidal particle size. Though NTA has over a

100-year history [11], only in the last couple of decades have camera and image-pro-

cessing technology progressed sufficiently to enable wide-spread adoption. Recent

commercial products such as the NanoSight R⃝ (Malvern Instruments, Malvern, UK)

[103] and the ZetaView (Particle Metrix, Meerbusch, Germany) as well as publicly

available software have popularized particle tracking techniques [111]. NTA is of-

ten perceived as a characterization method well-suited for polydisperse suspensions

because it analyzes each particle independently; however, we show that de-drifting

correlates individual particle motion for dilute suspensions. As a result, de-drifting

can introduce significant error.

Some of the limitations of de-drifting dilute suspensions have been known for

at least a decade [26], but the solution presented to date was suitable only for

monodisperse suspensions [150, 80]. Our work resolves known limitations of de-

drifting associated with low particle concentration as well as identifies and resolves

composition-dependent limitations. Thus, this work extends the measurement

accuracy of NTA to dilute suspensions with arbitrary size distributions that are

measured in uniform bulk flows with unknown dynamics. Future work could use

local ensembles to further extend this work to nonuniform bulk flows [80]. Gains in
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the accuracy of NTA for dilute, polydisperse suspensions are important because the

reliability with which NTA measures polydisperse PSDs remains an open question

[182, 4]. For example, recent data characterizing patient placental extracellular

vesicles using NanoSight R⃝ demonstrated that applied flow significantly affected

results, but the study did not determine whether the difference was physical (issue

with chamber design) or analytical (issue with algorithm) [180].

Since its introduction a decade ago, the NanoSight R⃝ has demonstrated a re-

markable versatility of application [18]. In addition to standard diameter and con-

centration measurements, NanoSight R⃝ scattering intensity data has been used to

identify several extracellular vesicle subpopulations with different refractive index

[43]. To the authors’ knowledge, our method is the first to use exported position

data from NanoSight R⃝, which allowed investigation of different particle tracking

analysis methods without constructing a custom video microscopy suite or devel-

oping particle tracking algorithms. It was observed that NanoSight R⃝ artificially

cuts particle trajectories short after ∼100 time steps. Interestingly, particles that

remain visible are then re-tracked, and in this manner a single particle may pro-

duce multiple particle trajectories without ever exiting the field of view. Whether

counting single particles multiple times is part of the proprietary analysis or simply

an artifact of data exportation is unknown.

Decorrelation Analysis facilitates several fields of study. Investigations of ex-

tracellular vesicles have demonstrated several subpopulations normally shed from

a variety of cell types, but the effect of various stimuli on vesicle production is

not well characterized [201]. For example, the study of small molecule inhibitors

that suppress microvesicle production are greatly benefited by accurate size mea-

surements of dilute, polydisperse suspensions [153]. Similarly, microdevices using
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size-based separation methods to nanoparticle populations for downstream assay-

ing must use accurate cutoff diameters in the design process [154, 93, 211]. Malvern

Inc. recently developed the ability to perform simultaneous nanoparticle size, zeta

potential and scattering intensity characterization [163]. The zeta potential mea-

surement, however, relies on accurate analysis of non-Brownian motion associated

with particle electrophoresis and bulk fluid electroosmosis and thermal effects [49].

Our work shows that care should be taken with zeta potential measures of hetero-

geneous particle populations. Because our approach has the benefit of increased

accuracy with minimal loss of temporal resolution, DA could facilitate dynamic

studies, such as the dynamics of protein aggregation [204]. DA can also be used

in passive particle tracking microrheology to measure the local viscosity of a com-

plex fluid, where arguments of heterogeneous diameters in homogeneous fluid are

substituted with homogeneous diameters in heterogeneous fluid.
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CHAPTER 3

SPOT SAUVOLA AND LATENT HETEROGENEITY MODELING

FOR SCORING AND PROFILING MACROPINOCYTOSIS

This chapter was adapted from the article:

John Hartman, Andrea Ortuño Urquidi, Fredrik Thege and Brian J.

Kirby. Latent heterogeneity modeling for quantifying and profiling

macropinocytosis activity. Cytometry Part A (submitted)

3.1 Abstract

Macropinocytosis, an actin-dependent endocytic pathway for nonspecific fluid

and solute uptake, is frequently upregulated in cancer. Cancer cells can exploit

macropinocytosis to scavenge nutrients that fuel their glycolytic metabolism as

well as to increase growth factor receptor recycling. The increased reliance by

these cells on macropinocytosis betrays both an increased susceptibility to dis-

ruption and a potentially targetable entry point for cancer therapeutics, mak-

ing macropinocytosis an alluring process to study. We show that the current

image-based approach to study macropinocytosis is highly subjective and neglects

a large portion of the content conveyed in the images. To enable future image-

based studies of macropinocytosis, we developed a novel high-content analytical

method called Latent Heterogeneity Modeling (LHM), which enabled the study of

macropinocytosis heterogeneity and key macropinosome features, and produced a

more accurate and more robust macropinocytosis activity score than previously

attained. In the context of pancreatic cancer, we show that subclones of BxPC-

3 cells with acquired chemotherapeutic resistance upregulated macropinocytosis,
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possibly through amplified RhoG expression. Complementing other recent studies

in which two macropinocytosis pathways were found, these cells exhibit a second

main macropinocytic process that was inhibited by growth factor treatment. The

accuracy of our approach was predicated on the incorporation of various types of

heterogeneity in a hierarchical structure, which remained biologically interpretable

over multiple tiers of analysis. Interpretability stemmed from basing LHM on seg-

mented objects rather than pixels, for which we developed a novel spot segmen-

tation method called Spot Sauvola that accurately identified endosomes over a

wide size and intensity range. Though LHM was used here expressly to analyze

macropinocytosis, this method is broadly applicable for high-content analysis of

biological images and constitutes a way to tractably consider multiple unknown

subpopulations of intracellular objects on top of a single-cell analysis.

3.2 Background and Introduction

Macropinocytosis is a nonreceptor-mediated endosomal pathway that plays an im-

portant role in the cellular uptake of fluid, solutes and macromolecules for both

noncancerous and cancerous mammalian cells [99, 79, 174]. Healthy phagocytes

rely on high levels of macropinocytosis for key aspects of the immune system,

including antigen presentation and clearing of apoptotic cells and pathogenic bac-

teria [100]. Growth-factor-stimulated macropinocytosis in non-immune cell types

can provide nutrients required for organogenesis, for example in lung branch for-

mation [55]. This highly conserved endocytic process can also be exploited in

numerous ways. Several types of pathogenic bacteria and viruses enhance their

survival by stimulating macropinocytosis [12, 115], and a growing body of work

suggests that protein aggregates nucleated about misfolded proteins enter neurons,
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again by stimulating macropinocytosis, and propagate neurodegenerative diseases

[210]. In addition to evolved exploitation, engineered delivery vehicles can also

enter cells through macropinocytosis [102, 47, 70, 119]. Although normal epithe-

lial cells display low constitutive levels of macropinocytosis, dysregulated growth

factor signaling in certain cancers significantly elevates baseline levels and fuels

cancer’s hallmark metabolic phenotype, glutamine addiction [22]. In these can-

cers, macropinocytosis supplies extracellular amino acids for anabolic processes

that generate glycolytic intermediates and directly enhance cancer cell survival

and proliferation [29, 64, 76].

Macropinocytosis requires considerable coordination at the molecular level to

realize and may be an effective therapeutic target. Actin-dependent membrane

ruffles simultaneously extend along and protrude from the plasma membrane in

order to encapsulate large volumes of extracellular fluid called macropinosomes,

which are internalized and mature in the endolysosomal network [91, 78]. In

growth-factor-stimulated macropinocytosis, receptor tyrosine kinase activation of

Rho family small guanosine triphosphatases (GTPases), particularly Rac1, drives

ruffle formation by coordinating branched actin polymerization [174]. Phospholipid

distributions primarily recruit Rac1 to membranes enriched in PI(3,4,5)P3 where

tight spatial and temporal orchestration of Rac1 activation and deactivation is

essential for the sequence of ruffle formation, closure and collapse [208, 41]. Sub-

membrane pH plays a major role in Rac1 membrane localization, and modest acid-

ification, for example by inhibiting the sodium-proton antiporter NHE1, inhibits

macropinocytosis but has little effect on clathrin-mediated endocytosis [84]. Be-

cause glutamine-addicted cancer cells become increasingly reliant on macropinocy-

tosis to fuel their metabolism [94], inhibiting macropinocytosis presents a potential

strategy for targeting cancer metabolism [61, 54]. Tajiri et al. demonstrated re-
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duced growth of tumors with oncogenic Ras mutations in mice after continuous

intravenous administration of a novel small molecule inhibitor for DOCK1 [176],

which activates Rac1 in a complex with RhoG and ELMO [77]. Importantly, nor-

mal splenic B cells were unaffected, suggesting that targeting macropinocytosis

effectively targeted cancer cell metabolism [176].

Current analytical methods to evaluate macropinocytosis in response to an

inhibitory molecule or other insult are subjective and provide few interpretable

biological details. General fluid-phase labeling accompanied by visual inspection

has been the workhorse method for decades [126], successfully illustrating key pro-

cesses involved in macropinocytosis but providing little quantitative information.

Recent analysis methods provided a numbered metric but one that is highly sensi-

tive to subjective parameters, such as the intensity level threshold, and precluded

deep biological understanding [24, 192]. However, images convey a wealth of in-

formation [165]. Image-based high content analysis (HCA), which capitalizes on

the high-dimensional information in an image, has become a powerful tool for

drug discovery and investigating endocytosis [132, 121, 136, 146]. Empowered by

increasing levels of automation in both microscopy workflows and open-source im-

age analysis tools [33], HCA provides accurate and robust insights into biological

systems [164, 194, 123, 108, 14, 74]. To discover and assess novel therapeutic tar-

gets for inhibiting macropinocytosis in cancer cells requires an objective, robust

HCA approach that provides detailed information for biological interpretation.

To calculate an objective macropinocytosis activity metric and extract new

information from standard experiments, we developed 1) a novel spot segmen-

tation method that we call Spot Sauvola and 2) an HCA approach that we call

Latent Heterogeneity Modeling (LHM). Because cellular macropinocytosis activity
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varies considerably across cell types and treatment scenarios, and macropinosomes

themselves display a wide range of sizes and intensities, selecting a broadly ap-

plicable, accurate and automated image processing method is a major challenge

[166, 152]. Spot Sauvola combines the high sensitivity of the h-dome transforma-

tion [188] and the coarser local Sauvola thresholding method [155] to accurately

initiate the marker-controlled watershed transformation. We demonstrate that

Spot Sauvola accurately segmented macropinosomes over multiple size scales and

was robust against nonuniform intensity distributions, which was crucial for larger

spots. Manual fixed-choice pairwise comparisons between Spot Sauvola and sev-

eral open-source softwares highlight the effectiveness of our method. Segmen-

tations generated by Spot Sauvola were then used to analyze macropinocyto-

sis using LHM. LHM can be understood as a phenotypic profiling approach to

tractably consider macropinosome heterogeneity without pre-selecting biased met-

rics or one-hot encoding histograms for each object feature [21]. Using LHM to

leverage hierarchies of interpretable information, we developed a robust metric for

quantifying macropinosome activity in an image, identified spot features to help

discriminate macropinosomes in future studies, and discovered an unappreciated

macropinosome subpopulation in pancreatic cancer cells that was inhibited rather

than stimulated by EGF treatment.
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3.3 Materials and Methods

3.3.1 Cell culture

Gemcitabine-resistant subclones were generated as described previously [90, 177,

178]. Briefly, subclones were generated by constantly exposing gemcitabine-

sensitive parental BxPC-3 cells to gradually increasing concentrations of gemc-

itabine over several months. Clones were isolated at 80 nM gemcitabine (“BxGR-

80”) and later at 360 nM gemcitabine (“BxGR-360”). Resistance was confirmed

by measuring cell viability after gemcitabine treatment. Regardless of resistance

status, cells were grown in Roswell Park Memorial Institute (RPMI) 1640 medium

(Gibco 11875-093) supplemented with 10% fetal bovine serum (ATCC 30-2020), 1

mM sodium pyruvate (Gibco 11360-070), 10 mM HEPES (Gibco 15630-080), 4500

mg/L glucose (Gibco A2494001) and 1x antibiotic-antimycotic (Gibco 15240-062)

per ATCC’s instructions for BxPC-3 cells.

3.3.2 Dextran incubation and confocal microscopy

Cells were seeded on top of sterile 25-mm coverslips placed in a 6-well sterile

culture plate and allowed to grow to ∼ 70% confluency. After 16 ± 0.25 hours

of serum starvation in phenol-red-free media (Gibco 11835-030), cells received a

‘pulse’ incubation with 1 mg/mL 70-kDa dextran conjugated with tetramethylro-

damine (Invitrogen D1819) and 100 ng/ml recombinant human epidermal growth

factor (R&D Systems 236-EG) in serum-free, phenol-red-free culture media for

30 min followed by a 5 min ‘chase’ incubation without dextran or growth fac-

tors. Where indicated, cells were incubated with 40- or 80- µM of the Na+/H+
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exchange inhibitor 5-(N-ethyl-N-isopropyl)amiloride (EIPA) (Cayman Chemical

14406-10) or a vehicle control (dimethylsulfoxide) for 30 min prior to the pulse’.

Following the pulse-chase’ incubations, cells were quickly washed, fixed with 4%

paraformaldehyde in phosphate-buffered saline at room temperature for 15 min,

washed again, mounted on glass slides (VWR 16004-368) using Fluoromount-G

(Invitrogen 00-4958-02) and imaged immediately. Confocal image stacks were cap-

tured using a Zeiss LSM710 laser-scanning microscope equipped with 40x objective

(pixel ∼ 100nm, axial section ∼ 2µm). Fluorescent and transmitted light images

(16-bit) were captured simultaneously using a CMOS camera and photon multiplier

tube, respectively. Fluorescent image slices were used to analyze macropinosomes

whereas in-focus transmitted light images were used to identify cell areas.

3.3.3 Cell area segmentation

Cell areas were extracted from processed transmitted light images using the Train-

able Weka Segmentation (TWS) plugin in ImageJ/FIJI [160, 6]. Comparison be-

tween TWS and a filter-based method to segment adherent cells from brightfield

images demonstrated TWS provided more accurate results and with less man-

ual tuning of parameters (data not shown) [161]. Images were processed before

and after TWS classification in order to both improve segmentation accuracy and

computation time (Fig. 3.1). First, a pseudo-flat-field correction was applied

to the in-focus image slice using the pixel-wise average of the first two image

slices, which removed illumination nonuniformity and sharpened textures. Sec-

ond, horizontal banding artifacts caused by raster-scanned image acquisition were

removed from the corrected in-focus image using a notch filter applied in Fourier

space. Third, images were downscaled 4x to dramatically reduce training time
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Figure 3.1: Image analysis flowchart. Macropinosomes were extracted using
Spot Sauvola and Cell areas were extracted using the Trainable Weka Segmentation
tool in ImageJ/FIJI.

without sacrificing segmentation accuracy. After applying the trained TWS clas-

sifier, misclassified background holes were filled if their area was smaller than

100,000 pixels (∼ 1000µm2) and misclassified foreground specks were removed if

their area was smaller than 5,000 pixels (∼ 50µm2). To measure accuracy of

the TWS classifications generated automatically, post-processed binary cell masks

were compared to manual segmentations for an independent image set. All image

processing, classification and manual segmentation steps were performed in Im-

ageJ/FIJI with custom macros. Binary maps both identified regions-of-interest for

finding macropinosomes and provided an area measurement to normalize image

parameters.

3.3.4 Spot Sauvola for object segmentation

Spot Sauvola integrates denoising, multiscale marker selection, a marker-con-

trolled watershed transformation and a binary classifier to accurately segment

macropinosomes over a wide size and intensity range (Fig. 3.1). Maximum in-

tensity projections of confocal image stacks were denoised using the nonlinear,

edge-preserving bilateral filter [179]. A two-scale approach reflecting the broad
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range of sizes and intensities of macropinosomes (0.2 − 5µm) was used for multi-

scale marker selection [79]. Two complementary binary masks were obtained from

Sauvola’s local thresholding modified for light objects [155, 45, 162] (sauvola in-

verse MATLAB file exchange by J. Motl) on both the denoised images and the

denoised images after spot enhancement using the h-dome transformation [188]

(Fig. 3.1). Morphological operations combined the two binary masks by recon-

struction, filled small object holes and trimmed back markers from true object

edges to produce selected markers for the watershed transformation [169]. Wa-

tershed transforms are hierarchical, unsupervised segmentation methods and often

lead to pronounced over-segmentation, where many more objects are outlined than

are present. Initiating the transformation from selected markers rather than all

regional minima, i.e. the marker-controlled watershed transformation, reduces

over-segmentation, which was particularly important for larger spots with non-

Gaussian intensity profiles. Remaining false-positive objects were removed using

unsupervised k-means clustering on object mean intensities and mean gradient

magnitudes because these features were found to discriminate spot objects from

biological background in a similar context [144]. Spot Sauvola combined the sen-

sitivity and selectivity of the h-dome transformation with the accurate object area

segmentation of a coarser binarization using local thresholding for multiscale spot

segmentation.

3.3.5 Software

MATLAB R2016a (The MathWorks Inc., Natick, MA) was used for image pro-

cessing and statistical analysis. MATLAB scripts for both Spot Sauvola and

LHM are available on GitHub: https://github.com/jackatta/Latent-Heterogene-
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ity-Modeling. The emmeans repository for hypothesis testing GLME models in

MATLAB is broadly useful across many fields and was created for this work:

https://www.mathworks.com/matlabcentral/fileexchange/71970.

3.3.6 Statistics

To infer meaningful differences between cell phenotypes arising from biological

treatments, we performed null hypothesis statistical significance testing on a priori-

defined linear combinations of model coefficients using Wald tests with α = 0.05

[1]. In ordinal trend tests, Wald tests were also performed.

3.4 Results

The standard analytical method for studying macropinocytosis suffers from poor

accuracy and subjectivity. Previously, our lab generated subclones of the pancre-

atic cancer cell line BxPC-3 that are highly resistant to the first-line chemother-

apy treatment, gemcitabine [178]. Because a locus on chromosome 11 has am-

plified copy number, these subclones, called BxGR-80 and BxGR-360, also ex-

press increased levels of the small GTPase RhoG, previously shown to regulate

macropinocytosis [181]. Note that RhoG expression follows the hierarchy BxGR-

360 > BxGR-80 > BxPC-3. To assay macropinocytosis activity of these unique cell

lines, cells were either pre-treated with EIPA, a potent inhibitor of macropinocy-

tosis, a vehicle control or received no pre-treatment, after which cells were sub-

sequently incubated in fluorescent, high-molecular-weight dextran supplemented

with EGF. Standard image-based analysis of macropinocytosis activity requires
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Figure 3.2: Comparison of macropinosome segmentation methods. (a)
Image thumbnails of macropinosomes over a range of sizes overlaid with the seg-
mentation silhouette of the corresponding method (scale bar = 1µm). (b) Vote
data were converted into observable differences (OD), where 1 OD corresponds
to choosing one method 75% of the time over the other method. Spot Sauvola
and Icy Spot Detector were judged more accurate than Commisso’s method and
CellProfiler’s Speckle pipeline.

both the segmentation of unlabeled cells and labeled fluid-phase [24, 192]. Visual

evaluation of the images and associated binary masks suggested that standard

pixel segmentation by level thresholding was a critical issue, in which parameters

generating accurate segmentations for small, dim macropinosomes could not si-

multaneously provide satisfying segmentations for large macropinosomes, and vice

versa (see Commisso column in Fig. 3.2a). Indeed, two plausible level thresholds

produced opposing biological conclusions for our image set, where results from one

threshold indicated no EIPA inhibition and the second threshold indicated a dose-

dependent response (Appendix Fig. A.1). Because biological results were highly

sensitive to subjective image analysis parameters and open-source softwares could

not address the challenges of macropinosome segmentation, we developed Spot

Sauvola.
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Spot Sauvola outperforms open-source segmentation meth-

ods on macropinosomes

To evaluate the accuracy of available open-software tools in segmenting both large

and small macropinosomes, Spot Sauvola and three commonly-used methods for

detecting spots in biological images were compared manually (see Appendix A.1):

ImageJ/FIJI [160], CellProfiler [110, 17] and Icy [30, 127]. Observers performed

forced-choice pairwise comparisons (ties not permitted) of blinded segmentation

silhouettes overlaid on the original image using a custom graphical user interface

in MATLAB, and vote data were analyzed using the pwcmp toolbox [135] (see Ap-

pendix A.2). In this MATLAB toolbox, vote data are converted into quality scores

termed ‘observable differences’ (OD) using probit regression, where methods sepa-

rated by 1 OD indicate 75% of observers preferred one method over the other. First,

within-method results were compared in order to select optimal parameters in the

current context (Appendix Table A.1). Second, the four methods parameterized

with optimal settings were compared factorially to clearly evaluate segmentation

results. Spot Sauvola and Icy produced markedly more accurate segmentations

(OD ∼ 2.5 is roughly a 95% preference) than ImageJ-based Commisso’s method

and CellProfiler’s Speckle counter pipeline (Fig. 3.2b). Although Icy qualitatively

appeared superior in segmenting small and dim objects, the method struggled to

simultaneously segment larger endosome-like objects, which were frequently over-

segmented or missed. Including larger scales in the analysis did not improve seg-

mentation results as determined during the initial pairwise comparison of method

parameters. In the context of analyzing large and small macropinosomes Icy’s lim-

itations were undesirable and objects segmented using Spot Sauvola were further

analyzed.
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Figure 3.3: Unsupervised clustering identifies semantically-distinct
macropinosome subpopulations. (a) A scatter plot of the object-level fea-
tures compressed to two dimensions for display purposes only using the first two
principal components. (b) Image thumbnails of objects closest to the learned GMM
component centroids can be distinguished visually. Thumbnail object locations in
feature space are indicated by black boxes in the scatter plot (a). (c) Aggregated
single features for each cluster show quantitative differences between clusters that
reflect qualitative differences from (b).

LHM for high-content analysis of macropinocytosis

To objectively analyze macropinocytosis and investigate its heterogeneity, we de-

veloped LHM. In LHM, the information in an image was fundamentally discretized

by objects, which were considered observable instances of unobservable endocytic

processes. Importantly, using segmented objects as the basis for LHM enabled

basic biological interpretability at each stage of the analysis.

Putative macropinosomes were identified using Spot Sauvola and automatically

rejecting objects with outlying features (see Appendix A.3). Predefined object fea-

tures, including both morphological and intensity-based metrics, were extracted

from each object that resided within segmented cell areas. Cleaning data is im-

portant because unsupervised methods, being data-driven, are sensitive to sparse,

outlying data points. A total of 971 out of 280,000 objects were automatically

clipped from further analysis. Manual assessment of the rejected objects verified
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that nearly all had been spuriously segmented.

Principal components analysis of the object feature matrix captured seman-

tic information and formed an interpretable subspace for supervised clustering.

Clusters defined by distance-related metrics of correlated dimensions bias over-

represented latent characteristics that influence multiple dimensions. In addition,

projection of high-dimensional data onto a lower-dimensional manifold can reduce

noise in the data and improve clustering results. Object feature data was projected

onto the principal components and the orthogonal subspace containing 99.9% of to-

tal variance was retained. The learned loading vectors on original features showed

that principal components captured key semantic information, such as object in-

tensity, size and shape, and highlighted the importance of a diverse feature set

(Appendex Fig. A.2). Although the principal components provided a descriptive

subspace, only by clustering could distinct classes of objects be identified.

A key stage of LHM was to use the random variables learned by finite mixture

modeling as estimates of the latent endocytic processes that generated the observed

objects in images. To identify semantically-distinct classes of macropinosomes and

thus model latent endocytic processes, we performed unsupervised clustering in

the uncorrelated principal component subspace of the cleaned object-level feature

matrix using a finite Gaussian Mixture Model (GMM) [40]. Not all biological

conditions necessarily contain all macropinosome subpopulations, and in order

to identify rare object subtypes a stratified subset was considered, wherein 20%

of extracted objects per image were randomly assigned to a training set. After

training the GMM classifier, objects across all images were assigned membership

to the learned mixture component with the largest component-member posterior

probability. Unsupervised learning of 10 clusters identified semantically-distinct
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macropinosome classes, each assumed to originate from a distinct endocytic process

(Fig. 3.3a). The nearest-neighbor object to each learned component centroid visu-

ally demonstrated qualitative differences between classes (Fig. 3.3b), which were

corroborated quantitatively using box plots of object feature values (Fig. 3.3c).

The quantitative metrics of the different classes displayed in Fig. 3.3c demonstrate

the importance of a multivariate approach. For example, Cluster 2 and Cluster 8

display equivalent Intensity Means but markedly different Eccentricity (Fig. 3.3c).

A mixed effect model considering multiple, simultaneous, latent endocytic pro-

cesses was used to estimate each process’s distinct activity level for different adher-

ent cell lines under various treatment scenarios (see Appendix A.3). Restrictions on

response variable normality and parameter correlation matrix structure led us to

fit a generalized linear mixed effect (GLME) model [62] to each image’s “endocyto-

sis profile”, a vector which summarized the measured number of objects per latent

endocytic process and encoded cellular phenotype. Unlike previous stages of LHM

that were unsupervised to reflect unknown groupings, GLME regression included

hierarchical information of the experimental design in the random effects. GLME

regression provides a flexible model for hypothesis testing of unbalanced, corre-

lated data sets such as the count data in endocytosis profile vectors and allowed

per-image normalization by measured cell area using an offset. The GLME model

provided estimates of object count per image for each latent endocytic process

marginalizing experimental design, which enabled detailed analysis of the distinct

processes.
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Models Data Heterogeneity Estimate Score Exploration
Naive ∼ 50k objects Stratification Mean object area ✓ n/a
C-W ∼ 250 images Area threshold Total object area ✓ n/a

LHM
∼ 250 images
10 classes each

GMM Class membership ✓ ✓

Table 3.1: Brief descriptions of the three models accounting for heterogeneity in
different ways.

LHM provides more accurate and more robust Macropinocy-

tosis Acitvity Score

To demonstrate the importance of considering heterogeneity in quantifying

macropinocytosis activity and validate the appropriateness of our model, we com-

pared LHM to two other models (Table 3.1): first, a GLME that only implicitly

accounts for heterogeneity by regressing on a stratified subset of ∼ 50k object

areas (“Naive”); and, second, a GLME regressed on total object area per image

(∼ 250 images) that accounts for heterogeneity by labeling all objects outside

of an area range as noise (“Commisso-Wang” or “C-W”). As opposed to LHM,

the Commisso-Wang model used only a single metric (Area) to define a single

macropinosome class. In LHM a single metric of classical macropinocytosis ac-

tivity was obtained by an additional prior-knowledge-based marginalization step,

which weighted the endocytosis profile vector using established macropinosome

size and intensity characteristics (see Appendix A.3). Importantly, marginalizing

data-driven macropinosome classes allowed estimates to incorporate effects from

various latent endocytic processes without fully relying on the biological veracity

of each individual learned process. The three models provided distinct metrics for

quantifying the macropinocytosis activity level per image. The Nave model pre-

dicted shifts in the mean object area; the Commisso-Wang model predicted shifts

in the total object area, which can be considered a weighted object count that
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Figure 3.4: Comparison of estimated macropinocytosis activity from
models that account for biological heterogeneity in different ways. For
the activity estimates, the Nave model used mean object area, the Commisso-Wang
model used total object area and LHM used knowledge-weighted object count. All
models indicated pronounced RhoG-dependent stimulation upon EGF treatment;
however, the nonmonotonicity in dose-dependent EIPA inhibition estimated by the
Nave and Commisso-Wang models suggested the poor accuracy and robustness of
these models. ( ∗ indicates significance, p < 0.05)

biases the influence of large objects; and LHM predicted object counts per latent

endosome class that were subsequently weighted by classical characteristics defin-

ing a bonafide macropinosome. For more details regarding the regression model

specifics, see Appendix A.3.

All three models clearly indicated that cells treated with EGF subsequently

upregulated macropinocytosis activity levels (Fig. 3.4a). To test whether RhoG

activation promoted macropinocytosis, adherent cells were incubated with or with-

out EGF in the presence of fluorescent, high-molecular-weight dextran. The Nave

model found a significant increase in macropinocytosis in response to EGF stimu-

lation for each cell line (p = 0.016, p = 1.8E-6, p = 3.4E-12 for BxPC-3, BxGR-80

and BxGR-360, respectively). The Commisso-Wang model also found a significant
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EGF-dependent increase in macropinocytosis for the chemotherapy-resistant sub-

clones (p = 1.8E-7, p = 1.9E-18 for BxGR-80 and BxGR-360, respectively) but

not for the parental BxPC3 cells (p = 0.15). LHM found significant EGF stim-

ulation for BxPC-3 cells (p = 1.3E-11) and the chemotherapy-resistant subclones

(p = 2.6E-21 and p = 7.4E-42 for BxGR-80 and BxGR-360, respectively). For

all three models, the effect of EGF stimulation on macropinocytosis was signifi-

cantly dependent on the linear trend of RhoG expression (p = 6.5E-3, p = 5.3E-7,

p = 7.4E-6 for Nave, Commisso-Wang and LHM, respectively). Predictions from

all three models suggest that EGF significantly upregulated macropinocytosis and

that the upregulation was correlated to RhoG expression level.

In contrast to the clear conclusions from EGF stimulation for all three mod-

els, only LHM was able to reliably quantify the effect of dose-dependent in-

hibitory treatment (Fig. 3.4b). To verify that EGF-mediated uptake of dex-

tran was primarily dependent on macropinocytosis, cells were exposed to the

highly-specific macropinocytosis inhibitor EIPA prior to simultaneous EGF and

dextran incubation [84]. Estimates from the Nave model suggest that EGF stimu-

lated macropinocytosis but that pre-treatment with EIPA had no inhibitory effect

(p = 0.75, p = 0.65, p = 0.79 for BxPC-3, BxGR-80 and BxGR-360, respec-

tively). For the Commisso-Wang model, EIPA treatment significantly reduced

macropinocytosis (p = 0.022, p = 3.1E-3, p = 1.2E-7 for BxPC-3, BxGR-80

and BxGR-360, respectively), but the behavior of the dose-dependent trend was

implausibly nonmonotonic, indicating an issue with the model. LHM predicted

significant monotonic trends in accordance with biological expectations of dose-

dependent inhibition by EIPA. Pre-treatment with EIPA significantly reduced

macropinocytosis in a dose-dependent manner for BxGR-80 (p = 2.3E-5) and

BxGR-360 (p = 4.9E-15), whereas a vehicle control had no effect (p = 0.48 and
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p = 0.32, respectively). BxPC-3 cells were not significantly inhibited (p = 0.05)

and, interestingly, the vehicle control significantly affected marginal object counts

(p = 0.048). Importantly, dose-dependent EIPA inhibition was significantly related

to RhoG expression (p = 3.8E-5). Data from LHM indicated that EGF-stimulated

macropinocytosis was partially suppressed by EIPA inhibition and in a manner

correlated to RhoG expression, suggesting that RhoG played a role in regulating

macropinocytosis.

The clear conclusions provided by LHM more accurately reflected image data.

To ensure that estimates from LHM reflected the true cellular phenotype captured

in an image more accurately than the Commisso-Wang model, goodness-of-fit of

the two models were compared using the likelihood ratio test. The likelihood

ratio test provides a rigorous way to compare how well two nested models fit a

data set, and helps identify whether a model fits data better because of accuracy

or because of including more terms. Here, the additional fixed coefficients and

various interaction terms included in LHM to account for latent endocytic processes

significantly improved model fit compared to the Commisso-Wang model (p <

0.05).

Characterization of macropinocytosis heterogeneity using

LHM

In addition to providing more accurate scoring of macropinocytosis activity, LHM

enabled more detailed analysis of macropinocytosis heterogeneity. To inform

future work on macropinocytosis, we performed a detailed characterization of

the distinct macropinosome classes corresponding to latent endocytic processes.
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Macropinosomes are known to be larger and brighter than endosomes originating

from other mechanisms, such as clathrin-mediated endocytosis, but little has been

described about other object features. A relationship between a single object fea-

ture and a single treatment condition was considered important to macropinocyto-

sis if estimated object counts demonstrated a significant RhoG-dependent ordinal

trend. Latent macropinosome classes were ordered only by the class medians of

that feature. Furthermore, a significant relationship between a single object fea-

ture and macropinocytosis in general required significant RhoG dependence for

EGF stimulation and dose-dependent EIPA inhibition, and non-significant RhoG

dependence for a vehicle control. Of the 32 object features, 25 were found to be

significantly related to macropinocytosis using the Holm-Bonferroni method with

α = 0.05 to adjust for multiple comparisons (Appendix Table A.2). Size- and

intensity-related features were nearly all shown to be related to macropinocytosis,

thus validating the general understanding of macropinosomes as big and bright.

Shape-related features could be further discriminated into two categories: one

pertaining to object circularity (e.g. Eccentricity and Orientation), which were

not related to macropinocytosis; and the other pertaining to object ruffling (e.g.

Roughness and Compactness), which were related to macropinocytosis. These data

suggest that segmented macropinosomes were characterized by large size, high in-

tensity and ruffled boundaries.

By maintaining biological interpretability, LHM permitted exploratory analysis

of the biological relevance of data-driven macropinosome classes, which identified

a latent endocytic process inhibited by growth factor treatment. The responses of

the ten semantically-distinct macropinosome classes to EGF stimulation and dose-

dependent EIPA inhibition were individually analyzed. The majority of classes

responded to treatments in a similar manner but to varying degrees, which may
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Figure 3.5: Estimated activity of latent endocytic processes undergone by
BxPC-3 cells and chemotherapy-resistant subclones. Although Classes B-
H (red) demonstrated similar stimulatory responses albeit of different magnitudes,
surprisingly Class A (blue) was inhibited by EGF treatment. Class A signified
unappreciated heterogeneity in macropinocytosis processes.

indicate that learned object heterogeneity did not perfectly match the biological

heterogeneity of macropinocytosis (Fig. 3.5). Classes including larger and brighter

objects were more affected by either treatment than classes including smaller and

dimmer objects. Interestingly, the most numerous macropinosome class, A, expe-

rienced a large reduction in object count upon EGF stimulation in contrast to all

other classes (Fig. 3.5). In addition, constitutive levels of macropinocytosis, the

reduced levels upon EGF stimulation, and the dose-dependent reduced levels upon

EIPA inhibition were all RhoG-dependent for this class. Manual inspection of 1000

random objects from Class A verified that ∼ 92.5% were bonafide spots, indicating

that the quantified effect in the dimmest and smallest object class was not caused

by erroneous segmentations (data not shown). These data show that Class A rep-
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resented a macropinosome subpopulation distinguishable from the large organelles

extensively described in the literature, and indicate unappreciated macropinocytic

heterogeneity present in pancreatic cancer cells from a BxPC-3 lineage.

3.5 Discussion

Macropinocytosis plays important roles in a wide variety of cell types. Recent

in vivo studies have revealed that macropinocytosis supplies critical nutrients for

cancer’s characteristic glycolytic metabolism and that disrupting macropinocyto-

sis reduced tumor growth [23], indicating a novel therapeutic strategy to target

cancer via its aberrant glycolytic metabolism [117]. Despite the need to study

macropinocytosis in detail, analytical tools applied in the field have been highly

subjective and have provided little information relative to the rich content in im-

ages [24, 192]. We address these deficiencies by overcoming two main challenges:

first, the image processing difficulty of accurately segmenting spots over a broad

range of sizes and intensities; and second, the statistical difficulty of extracting in-

terpretable information efficiently from an unannotated data set and consequently

inferring biological conclusions.

A filter-based spot segmentation tool called Spot Sauvola was specifically de-

signed to accurately identify macropinosomes, which span a wide size and intensity

range. Whereas segmentation of fluorescently-labeled intracellular vesicles or en-

dosomes with similar appearance is straightforward, image processing methods

generally struggle to accurately detect spots with varied sizes, shapes, intensities,

intensity distributions, and background intensity [166]. Highly sophisticated im-

age processing methods that help address these issues generally require substantial
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computing resources [9, 147]. Deep learning approaches, e.g. convolutional neural

networks, have high computational cost during the training phase but reasonable

computational burden when applying the learned model [149, 50]. Fluorescent

spots in biological images, however, are challenging to accurately annotate, com-

plicated to simulate, and highly dependent on experimental conditions [145], and

building a sufficiently large training data set remains difficult. Leveraging pre-

trained deep learning networks, i.e. transfer learning, is a promising approach

for developing application-specific spot segmentation tools with reduced computa-

tional and annotation requirements [52]. Spot Sauvola is an important addition

to macropinosome segmentation for researchers without access to computational

resources or a large, annotated, representative image set.

Pairwise comparisons demonstrated Spot Sauvola accurately segmented spots

from fluorescent images of macropinosomes. To the author’s knowledge, no large,

public, annotated image set of macropinosomes exists and therefore segmentations

from Spot Sauvola were not straightforward to benchmark against existing meth-

ods. The challenge of accurately simulating biological images prevented automatic

optimization of each method’s parameters, and instead Spot Sauvola and three

popular open-source image analysis softwares were compared manually. Manual

comparisons provide accurate evaluations of image quality [104] and, in general, are

effective for ranked results in many applications [19]. Icy and Spot Sauvola clearly

outperformed approaches developed in ImageJ and CellProfiler for the specific pa-

rameters tested. We attributed Icy’s high performance to its multiscale method

that has demonstrated high accuracy in similar problems [134, 44]. Because of the

large number of parameters in CellProfiler’s Speckle Pipeline, the relatively poor

performance of this method may have indicated an inability to fully explore the

parameter space using manual comparisons rather than a fundamental deficiency
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in the software. On the other hand, the poor performance of the ImageJ workflow

reflected its simplicity.

Detailed statistical analysis of macropinocytosis was accomplished using a se-

quence of model estimation techniques that collectively we call LHM. The first

two stages of LHM use PCA and GMM, which have been used extensively in

biological image analysis [101, 15, 202], whereas the third stage uses GLME,

which has been neglected. By performing unsupervised clustering in a subspace

where dimensions belied semantic information, the learned classes were themselves

semantically-distinct and interpretable. A key assumption underpinning our ap-

proach was that observably different objects were generated from unobservable

endocytic processes, which permitted using latent variable modeling to estimate

the inherent heterogeneity of endocytic mechanisms and enabled basic biological

interpretability throughout all stages of the analysis. Importantly, biological con-

clusions from LHM were relatively insensitive to the precise number of modeled

latent endocytic processes (data not shown). As a tiered analysis, LHM has in-

nate hierarchical structure that is either learned directly from the data (PCA and

GMM) or prescribed by the known experimental design (GLME), and sequentially

models heterogeneity in the data. Although we did not segment individual cells

in this work, including cells in LHM’s hierarchical structure would enable single-

cell-level profiling on top of intracellular-level profiling, which has been previously

avoided [21]. In the context of endocytosis, where shared machinery across multiple

entry pathways ensures that disruptions impact membrane trafficking in complex

and unpredictable ways [71, 185, 2], intracellular profiling would be especially im-

pactful. Unlike previous approaches using interpretable hierarchies [7, 197], we

have also provided an approach to calculate a phenotype score. Nonparametric

novelty detection based on deep learning can also learn phenotypes but requires
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high throughput imaging capabilities [170]. With LHM, we demonstrate a series

of modeling techniques to perform accurate inference on relatively small image

sets, which is accomplished by leveraging both unknown and known hierarchical

information in parametric models.

LHM provided more accurate and more robust macropinocytosis activity scores

than previous methods. The standard method to score macropinocytosis activity is

subjective and, for our data, provided completely different biological conclusions for

two reasonable settings of intensity level threshold. To perform a more compelling

assessment of LHM than comparing to the poorly performing standard method, we

compared three models that accounted for endocytosis heterogeneity in different

ways: Nave, Commisso-Wang, and LHM. Only LHM provided treatment response

profiles that matched general biological expectations. Highlighting its exquisite

sensitivity, LHM quantified low levels of macropinocytosis even in BxPC-3 cells,

which are wild-type KRAS and exhibit low or negligible activity [23].

LHM extracted additional important information from images that previous

methods could not analyze. Complementing the single macropinocytosis activity

score, the estimated membership count per latent endocytic process also encoded

interpretable information regarding each latent object feature and each latent en-

docytic process. LHM meticulously validated the correlation between increased

numbers of large, bright endosomes appearing upon EGF treatment but not ap-

pearing upon EIPA pre-treatment. LHM also found shape features associated

with object ruffliness that correlated with macropinocytosis. Qualitative evalu-

ation of treatment response profiles for each latent endocytic process suggested

an unappreciated yet prevalent process that generated small, dim endosomes and

was inhibited by EGF treatment. Other recent work has also indicated two pop-
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ulations of macropinosomes originating both constitutively and via stimulation

[94, 16], but whether constitutive macropinosomes were specifically inhibited by

growth factor stimulation was not investigated. Much work remains to elucidate

the extant heterogeneity in macropinocytic pathways, and we propose LHM as a

sensitive, accurate and robust tool to quantify and characterize macropinocytosis.
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CHAPTER 4

THE ISOLATED EFFECT OF KRAS MUTATION ALLELE ON

MACROPINOCYTOSIS ACTIVITY

4.1 Background and Introduction

The RAS superfamily of small guanosine triphosphate hydrolase enzymes

(GTPases) has long been established as a major cell regulator, acting as a molecular

switch to propagate growth factor signaling and coordinate cell survival, migra-

tion, growth and proliferation [138]. Between 25-30% of all human cancers have

mutations in at least one of the three Ras isoforms (KRas, NRas and HRas) and a

significant portion of cancers without Ras mutations have mutations and/or dele-

tions of genes encoding important moderators of Ras activity, such as SoS and

NF1, as well as downstream targets (e.g. Raf, PI3K) [56]. Ras mutations drive

oncogenesis by keeping Ras in a constitutively active state, de-coupling extracel-

lular growth factor binding and intracellular growth factor signaling. In addition,

mutant Ras drives metabolic reprogramming. Ras-transformed cells dramatically

increase glucose [38] for use in glycolysis [140] and biosynthesis [183, 207], scav-

enge extracellular substrates [75, 124], and transition cells to glutaminolysis to fuel

growth [31, 171, 205].

Macropinocytosis, a highly-conserved form of endocytosis for nonspecific in-

ternalization of extracellular material [82], is increasingly appreciated as an entry

pathway for scavenging diverse macromolecules critical for fueling tumor growth

and proliferation [37, 22]. The formation and internalization of large fluid-filled

endosomes called macropinosomes is dependent on a tightly controlled sequence

of membrane ruffling, protrusion and collapse regulated dynamically by chang-
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ing plasma membrane phosphatidylinositol (3,4,5)-trisphosphate (PIP3) and phos-

phatidylinositol (4,5)-bisphosphate (PIP2) concentrations, Rac1 activation and de-

activation and PLCγ1 [175]. In accordance with this progression, Ras [8], the

Ras GTPase activating protein (GAP) NF1 [13], class 1 PI3K (converting PIP3

to PIP2) [3, 65, 129, 64] and PTEN (converting PIP2 to PIP3) [81], PLC [3],

Rac1 [34], the Rac1 interactor RhoG [77, 34, 181], and several RhoG guanine nu-

cleotide exchange factors (GEFs) [34, 28, 176, 181] have all been shown to moderate

macropinocytosis. The large size of macropinosomes (0.2 − 5µm) and the non-

specificity of macropinosome cargo imbue cancer cells with some level of resiliency

and metabolic flexibility by enabling access to extracellular substrates [79, 128].

For example, PTEN-deficient prostate cancer cells macropinocytose necrotic de-

bris to enhance survival [81], mutant KRAS lung cancer cells macropinocytose

extracellular adenosine triphsophate (ATP) to mediate drug resistance [195] and

Ras-transformed cells macropinocytose extracellular lipids to fuel growth [75]. But

perhaps the most studied scenario is the requirement for macropinocytosis as an

amino acid supply route in cancers expressing mutant Kras by scavenging and ca-

tabolizing extracellular proteins, in particular albumin [23, 76, 129, 124, 94]. Direct

observation of preferential macropinocytic uptake of labeled albumin by pancreatic

tumors compared to adjacent non-cancerous pancreatic tissue and the concomitant

availability of free amino acids in those tumors clearly demonstrates the ability

of KRAS-driven cancers to consume and catabolize extracellular proteins [29]. In

accordance with in vitro, in vivo and in situ studies, pancreatic ductal adenocarici-

noma (PDAC) patient specimens display enhanced macropinocytosis and replicate

in the absence of amino acids so long as culture media contains physiologic albu-

min [76]. Though oncogenic KRAS mutations facilitate metabolic reprogramming

by simultaneously upregulating opportunistic cellular scavenging capabilities [131],

67



the effect of KRAS mutation allele on macropinocytosis is unknown.

We hypothesized that constitutive levels of macropinocytosis in transformed

cells are dependent on the KRAS mutation allele. Furthermore, we hypothesized

that the allele-specific upregulation of macropinocytosis reflects the incidence of

those mutation alleles in human cancers, thus linking the tissue-specific frequency

of KRAS mutations directly to the ability of cancer cells to fuel their metabolism

by scavenging nutrients from the tumor microenvironment. Numerous lines of ev-

idence support these hypotheses. Pancreatic, colorectal and non-small cell lung

cancers frequently present mutations in the Ras isoform KRas, and more specifi-

cally, missense mutations in codons glycine 12 (G12), glycine 13 (G13) or glutamine

61 (Q61) [56, 63]. These mutation hotspots all interfere with KRas’s intrinsic GT-

Pase activity — G12 and G13 interact directly with the nucleotide-binding domain

and Q61 coordinates a water molecule during GTP hydrolysis – and cause more

sustained activation of mutant compared to wild-type Kras. Interestingly, acti-

vating mutations occur at different frequencies in different tissues. Even though

mutations in codon 12 predominate in the cases of mutant KRAS in both non-

small cell lung cancer and PDAC, aspartic acid substitutions represent about 10%

and 44% of cases, respectively, whereas cysteine substitutions represent about 50%

and 2% of cases, respectively [56]. Prognostic ability is similarly allele- and tissue-

specific [56]. In carcinogen-induced murine lung tumors, G12V, G12R, G12D and

G12C alleles were found in late-stage tumors but only the G12C allele existed in

benign lesions, highlighting both in vivo replication of commonly mutated alleles in

human cancer and amino acid-specific differences related to tumor progression [95].

Taken together, clinical and in vivo observations suggest a tissue-specific suscepti-

bility not just to the Ras isoform (KRas) [58, 73] and KRAS codon (G12) [167, 51]

but perhaps also to the specific amino acid substitution [199]. Biochemical studies

68



support the possibility of activity differences between mutation alleles, demonstrat-

ing that the mutation allele affects intrinsic activation, nucleotide exchange rates,

both intrinsic and GAP-mediated hydrolysis rates and downstream effector bind-

ing affinity [72, 69, 168, 109]. Specific amino acid substitutions at codon 12 have

minor or negligible impact on nucleotide exchange and GAP-mediated hydrolysis

but moderate impact on intrinsic hydrolytic activity and binding the important

downstream effector RAF kinase [69]. The exact fitness advantages conferred by

different mutation alleles, however, remain unknown.

Our lab previously developed a novel method for quantifying macropinocytosis

activity in adherent cells that demonstrated higher accuracy and robustness than

standard approaches and enabled detailed study of macropinocytosis heterogeneity

(Chapter 3). Here, we apply our analytical tools in the context of comparing the

macropinocytosis activity between cells expressing mutant KRAS alleles that only

differ in the particular amino acid substitution. We demonstrate that G12D and

G12V amino acid substitutions equally upregulate constitutive macropinocytosis.

Because G12D and G12V are the most common mutation alleles in pancreatic

cancer, these results support the possibility that tissue-specific mutation allele

frequency is related to macropinocytosis but additional studies are required to

fully understand the dependence of macropinocytosis on KRAS mutation allele.
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4.2 Methods and Materials

4.2.1 Cell culture

Mouse embryonic fibroblasts (MEFs) were grown in DMEM supplemented with

10% FBS and 1 µg/mL doxycycline. Induction of mutant KRAS was induced

by removing doxycycline (DOX), which required three media exchanges over 36

hours. A lineage persistently grown without DOX for < 8 passages was used for

most experiments because beyond 8 passages cell morphology became exceptionally

spindle-like and we assumed that significant and undesirable genetic drift had

occurred. MEF cell lines were generously donated by Dr. Cerione.

4.2.2 Western Blotting

Cells were seeded in 6-well plates and induced to express mutant KRAS after three

media exchanges spread over roughly 36 hours. To extract cellular protein, cells

were washed in ice-cold PBS, removed from the culture plate using a cell scraper

and incubated for 20 min in ice-cold RIPA lysis buffer supplemented with PMSF,

sodium orthovanadate and a protease inhibitor cocktail (Santa Cruz Biotechnol-

ogy, sc-24948). Cell debris was removed by centrifugation at 15000xg for 9 min

and the isolated protein lysate was stored at −80◦C until further use. Protein

quantification (Bio-Rad, 5000112) of thawed lysates informed loading volumes for

SDS-PAGE. Protein lysates diluted in Laemmli loading buffer were denatured at

95◦C for 5 min, loaded 15 µg/well (Invitrogen, XP10200BOX), and electrophoresed

at 160V for 100 min (Invitrogen, EI0001), and transferred to a PVDF membrane

(Merck Millipore, IPFL00010) at 0.4 A for 100 min (ThermoScientific, VEP-2).
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For protein labeling, the membrane was blocked with 3% BSA in TBST at room

temperature for 2 hours, incubated with primary antibody (β-actin: Santa Cruz

Biotechnology sc-47778 lot E2518, HA: Invitrogen 26183 lot TB263152) at 4◦C

overnight, thoroughly rinsed in TBST buffer, incubated in secondary antibody

(anti-mouse IgG: Santa Cruz Biotechnology sc-2031) at room temperature for 50

min and rinsed again. Membranes were imaged (Syngene, ChemiGenius2) using

an enhanced chemiluminescence reaction (PerkinElmer, NEL103E001EA).

4.2.3 Microscopy

For bright-field imaging, cells were grown in 6-well plates and imaged using a

Nikon Eclipse TE2000-U. To measure macropinocytosis activity, we used pulse-

chase experiments with 70 kDa, tetramethylrhodamine (TMR)-conjugated dextran

(Invitrogen D1819), as described previously but with several cell line-dependent

modifications (Chapter 3.3.2). MEFs were seeded (DOX−: 500k cells/well, DOX+:

350k cells/well) and cultured overnight in 10% FBS in phenol-red-free DMEM on

poly-L-lysine-coated glass coverslips. Cells were thoroughly rinsed and starved

of serum 8 hr prior to a 20 min ‘pulse’ of media containing 1 mg/mL labeled

dextran and a 5 min ‘chase’ of media without dextran. Inhibitor (40 µM EIPA)

and vehicle control (0.01% DMSO) treatments were initiated one hour prior to the

‘pulse’. Cells were fixed, mounted onto glass slides and immediately imaged using a

confocal laser scanning microscope equipped with a 40x objective (Zeiss LSM710).

Eight axial positions, i.e. ‘slices’, were acquired using simultaneous transmitted

light (by PMT) and fluorescent (by sCMOS) capture.
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4.2.4 Macropinocytosis quantification

There are two main steps to quantify macropinocytosis activity: first, spots and

cell areas are extracted from images; and second, the extracted spots are analyzed.

In the first stage of analysis, fluorescent images were processed to extract spot

objects using Spot Sauvola (Chapter 3.3.4) and transmitted light images were pro-

cessed using the Trainable Weka Segmentation (TWS) plugin in ImageJ/FIJI [6]

to extract cell areas. TWS, a supervised machine learning pixel segmentation tool,

was highly accurate in segmenting cell areas and automated the usually tedious

process of cell segmentation. In the second stage of analysis, we used LHM (Chap-

ter 3.4). Briefly, LHM models the heterogeneity over several hierarchies present in

imaging data originating from biological experiments. To calculate a single metric

for macropinocytosis activity, i.e. a Macropinocytosis Activity Score, LHM con-

siders a knowledge-based weighting that biases the metric toward the response of

spot object subpopulations that more likely represent bona fide macropinosomes.

Compared to previous work using Spot Sauvola and LHM for a similar application

but with different cell lines, only a single parameter was modified – the number of

latent endocytic processes was updated from 10 to 4 in order to better reflect the

true biological heterogeneity of macropinocytosis.

4.3 Results

To isolate the effect of KRAS mutation allele, MEFs were engineered to induce

expression of human influenza hemagglutinin-tagged mutant KRAS (HA-iKRAS)

upon withdrawal of DOX [48, 137]. Because cancer cells generally harbor numerous

mutations due to genomic instability [59], noncancerous cells better isolate the
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Figure 4.1: Induction of mutant KRAS expression. (A) Western blot showed
that induction of HA-tagged KRASG12D by the removal of doxycycline from the
culture media requires three evenly-spaced media exchanges over about 36 hours.
(B) Bright-field micrographs visualize pronounced morphological changes in cells
expressing KRASG12D, which become more spindle-like and reduce cell-cell junc-
tions, as compared to non-induced cells, which remain in monolayered colonies.
Scale bar = 10µm.

effects of individual mutations [173]. The expression of HA-iKRASG12D (“G12D”)

and HA-iKRASG12V (“G12V”) was induced after several media exchanges to fully

deplete cells of DOX (Fig. 4.1A). In agreement with mutant KRAS inducing

oncogenic transformation, expression of mutant KRAS modified cell morphology

to become more spindle-like and modified cell behavior to reduce colony formation

and cell-cell junctions (Fig. 4.1B). Non-induced cells, on the other hand, remained

in dense monolayers.

Nutrient deprivation modified behavior of cells expressing mutant KRAS. Be-

cause there are signaling feedback loops between nutrient sensing and the enhance-

ment of nutrient scavenging [81, 209, 130], macropinocytosis activity is dependent

on the availability of nutrients. Serum starvation of G12D cells grown on culture-

treated well plates had little effect, however, cells grown on glass coverslips coated

with poly-D-lysine (PDL) spontaneously amassed in 3D structures (Fig. 4.2A,

columns 1 & 2). Importantly, PDL cannot be digested by cells on account of its
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Figure 4.2: Induced cells were affected by nutrient deprivation. (A) Bright-
field micrographs show negligible differences between cell morphology prior to
serum starvation. After 40 hrs of serum starvation, cells on uncoated glass cov-
erslips (right) mostly detach, cells on PDL-coated coverslips aggregate into 3D
structures (middle) and cells on culture-treated surfaces grew normally (left). Be-
cause PDL cannot be broken down by cell enzymes whereas culture-treated surfaces
likely contain digestible substrates, these images suggest that nutrient deprivation
and cell-surface interactions severely impacted cell viability. Scale bars = 10µm.
(B) Western blot showed that KRASG12D expression did not vary in response to
the presence of serum compared to the removal of serum and reduction of supple-
mented glutamine in standard growth media, where 4Q indicates 4 mM glutamine.

chirality. Unlike coated coverslips, the majority of MEFs grown directly on un-

coated glass coverslips did not survive (Fig. 4.2A, column 3). Together, these data

indicate that cells on PDL+ coverslips were more stressed than cells on culture-

treated surfaces and that the proprietary composition of proteins on culture-treated

plates includes digestible nutrients, though integrin signaling could also play a role.

The expression of mutant KRAS was not modified by combined serum and glu-

tamine starvation, suggesting that modifications to cellular morphology were a

result of downstream signaling rather than increased expression of mutant KRAS

(Fig. 4.2B).

To assess the constitutive level of macropinocytosis, we quantified confocal

images using our novel macropinosome segmentation method, Spot Sauvola, and

our novel high-content analysis method, Latent Heterogeneity Modeling (LHM)
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Figure 4.3: Cells expressing mutant KRAS upregulated macropinocyto-
sis. Prior to induction, cells displayed similar levels of constitutive macropinocyto-
sis. Expression of either mutant KRAS allele increased constitutive macropinocy-
tosis. ∗ indicates p < 0.05.

(Chapter 3). Both G12V and G12D cells demonstrated similar levels of con-

stitutive macropinocytosis prior to induction of the mutated allele, as expected.

Importantly, inducing expression of either mutant KRAS allele resulted in a sta-

tistically significant (p < 0.05) increase of macropinocytosis activity (Fig. 4.3).

However, the induced expression level was not dependent on the particular amino

acid substitution (p = 0.0583), suggesting that the mutated alleles G12D and

G12V equivalently upregulated macropinocytosis activity.

To verify macropinocytosis upregulation by mutated KRAS, cells were treated

with the macropinocytosis inhibitor EIPA or a vehicle control (DMSO) prior

to dextran incubation. EIPA had a small but significant effect on both in-

duced and non-induced cells, suggesting that MEFs display some baseline level

of macropinocytosis activity (Fig. 4.4A, DOX+ vs. DOX−). Surprisingly, the

inhibitory effect of EIPA was equivalent (p = 0.0696) for both induced and non-in-

duced cells (Fig. 4.4A, 40µM EIPA vs. vehicle control), and was not attributable
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Figure 4.4: The specific mutation allele did not mediate different levels
of macropinocytosis. (A) The macropinocytosis inhibitor, 40µM EIPA, equiv-
alently affected non-induced MEFs and MEFs induced to express KRASG12D or
KRASG12V, as quantified by LHM. (B) Cellular response was not caused by the
vehicle control (V), DMSO.
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to differential response to a vehicle control (Fig. 4.4B). Similar to measurements

of baseline constitutive macropinocytosis activity, there was no statistical differ-

ence between specific mutation alleles (Fig. 4.4A & B, G12D vs. G12V). Taken

together, our experiments suggested that G12D and G12V were not meaningfully

different in modifying macropinocytosis.

Because inducing expression, which upregulated macropinocytosis, and inhibit-

ing induced expression, which did not differentially inhibit macropinocytosis in

induced compared to non-induced cells, appeared to provide opposing biological

conclusions, we probed our modeling further. We previously trained an object

classification model on images of pancreatic cancer cell lines variably expressing

RhoG (Chapter 3). To ensure that macropinosomes in the current context were

properly segmented, we compared the principle component projections of 5000 seg-

mented spots from Chapter 3 with 5000 segmented spots from the current work,

and found excellent agreement between the two sets of objects (Fig. 4.5A). Confi-

dent that objects were accurately segmented, we estimated the mean object area,

i.e. the Naive model (Chapter 3 & Appendix A.3), to see if other modeling ap-

proaches produced equivalent results. The Naive model also found an increase

in macropinocytosis activity upon mutant KRAS induction, and that EIPA had

no inhibitory effect (Fig. 4.5B), providing further validation that LHM accurately

conveyed the information in images. However, there were some differences between

the Naive model and LHM. Whereas LHM found that the vehicle control had a

non-significant effect on induced macropinocytosis, the Naive model showed a large

inhibitory effect. Surprisingly, non-induced cells were not affected by the vehicle

control. These data indicate that in experiments using EIPA the vehicle con-

trol contributed significantly to the inhibitory effect in cells that have upregulated

nonspecific internalization of extracellular fluid.
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Figure 4.5: LHM accurately conveyed the information in images. (A) Ob-
jects sampled from both previous (red) and the current (blue) experiments demon-
strate remarkable agreement, suggesting that object segmentation accurately ex-
tracted macropinosomes. (B) Macropinocytosis activity as estimated by the Naive
model, which estimates mean object areas. Similar to LHM, the Naive model
showed that induction of mutant KRAS expression increased macropinocytosis
(green vs. red) and that 40µM EIPA had no effect (V vs. 40). Unlike LHM, the
vehicle control was shown to have a pronounced effect but only on the induced
cells (− vs. V for DOX−).
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4.4 Discussion

Numerous lines of evidence point to a role of macropinocytosis in KRAS-driven can-

cers. First, studies of the macropinocytosis regulator Rac1 suggest its vital impor-

tance in oncogenic KRAS models. Rac1 is preferentially activated by KRas com-

pared to HRas [190], necessary for tumorigenesis in murine models of KRASG12D

lung cancer [83], mediates protein scavenging and promotes glucose independence

[64], and is required along with PLC (another critical macropinocytosis regulator)

for extracellular protein-dependent cell proliferation in Rasless MEFs ectopically

expressing KRASG12D [129]. Second, studies link KRas mutation alleles to dis-

tinct activities and downstream effectors. KRas mutation alleles have variable hy-

drolysis rate, guanine nucleotide exchange rate and binding affinity for the master

growth regulator Raf [69]. Similarly, KRASG13D and KRASG12D differentially

activate cell migration genes in MCF-10A models ectopically expressing physiolog-

ical levels of the mutant allele [173], and importantly regulators of cell migration

also regulate macropinocytosis [184]. Third, clinical and in vivo studies demon-

strate tissue-specific differences in the frequency and distribution of mutant KRAS

alleles [57]. Inducing de novo KRas-driven cancers in mice and high-throughput

sequencing of the tumors provided evidence that both the codon and exact amino

acid substitution play major roles in oncogenesis [199]. Taken together, mutant

KRAS alleles differentially drive oncogenesis depending on the tissue, which could

suggest the importance of niche survival advantages. We hypothesize that the op-

portunistic scavenging of nonspecific extracellular substrates via macropinocytosis

mediates a variety of niche survival advantages, and that differential upregulation

of constitutive macropinocytosis by various mutation alleles could thereby explain

the tissue specificity of KRAS mutations in cancer.

79



We show here that MEFs induced to express the mutated alleles KRASG12D

and KRASG12V upregulated macropinocytosis equivalently. Interestingly, G12D

and G12V are the two most prevalent amino acid substitutions found in all can-

cers with KRAS mutations [63]. Pancreatic cancer in particular demonstrates

remarkable association with KRAS mutations (90% vs. other isoforms), codon

12 mutations (90% vs. other codons) and G12D/V/R amino acid substitutions

(45%/35%/17% vs. other amino acids) [56]. According to these numbers, roughly

65% of all human pancreatic cancers are associated with either KRASG12D or

KRASG12V mutation alleles. Incredibly, de novo induction of murine pancreas

tumors produced only KRASG12D or KRASG12V mutations, replicating human

clinical data and further implicating the fitness advantage these particular amino

acid substitutions confer in the pancreas [199]. Because G12D and G12V pre-

dominate in pancreatic cancers, it is likely they confer similar traits that are es-

pecially beneficial in the pancreas. Studies have shown that pancreatic cancer

cells use macropinocytosis to scavenge extracellular nutrients to mediate survival

and growth but did not consider allele-specific differences [23]. Our data support

the possibility that macropinocytosis activity is allele-specific because G12D and

G12V are reported at similar incidence in pancreatic cancer, though evaluation of

additional mutant alleles is required. It would be interesting to measure the im-

pact of other KRAS mutation alleles in pancreatic cancer, such as G12R, as well

as alleles not common in pancreatic cancer but common in other cancers, such as

G12C or G12A which are prevalent in non-small cell lung cancer [56].

To accurately compare the downstream effects of mutation allele on

macropinocytosis, we performed standard pulse-chase experiments using

fluorescently-tagged, high-molecular-weight dextran and quantified confocal im-

ages using our novel high-content analytical method, LHM. Importantly, high-
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molecular-weight dextran (70 kDa) is physically large enough to specifically select

macropinocytosis as an internalization pathway [79, 192, 97]. The inhibitor EIPA

is also quite specific to macropinocytosis, despite the extensive sharing of molecular

machinery across many endocytic processes [84, 71]. Thus, it was surprising when

induced mutant KRas increased constitutive macropinocytosis but was not differ-

entially inhibited by EIPA relative to non-induced cells. Results from LHM were

supported by results from a different model, suggesting our measurements were

not analytical artifacts and indeed reflected biological behavior. Our analysis in-

dicated that the vehicle control, 0.01% DMSO, affected macropinocytosis. DMSO

is widely known to reduce cell viability at higher concentrations (> 1− 10%), pos-

sibly by creating pores in lipid membranes [125, 53], and has more recently been

shown to affect protein expression even at much lower concentrations [66, 186].

The mechanism by which DMSO reduced macropinocytosis in our experiments,

however, is unknown. We speculate that stress related to serum starvation may

amplify cellular response to the usually minor stress from low concentrations of

DMSO.

Remarkably, the analytical methods developed in Chapter 3 did not need tuning

for the current set of experiments, which had slightly different acquisition and

incubation parameters. The accurate segmentation of macropinosomes in this

work did not require modification of any parameters in Spot Sauvola from those

determined previously on a completely different set of images. On the other hand,

the cell area classifier generated by TWS in ImageJ/FIJI had to be trained anew.

In LHM, only a single parameter was modified when we decreased the number of

modeled latent classes from 10 in our previous work to 4 in the current work in

order to better reflect the biological heterogeneity of macropinocytosis. Thus, Spot

Sauvola and LHM are widely useful on account of their straightforward application
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and will empower future studies of macropinocytosis.
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CHAPTER 5

CONCLUSIONS AND FUTURE WORK

In this dissertation, I have developed image-based analytical methods to char-

acterize the size distributions of polydisperse suspensions (such as extracellular

vesicles) from particle tracking data (Chapter 2), and investigate macropinocyto-

sis from confocal fluorescent images (Chapters 3 & 4). In general, both applications

involved developing approaches to efficiently analyze heterogeneity — the hetero-

geneity of EV sizes or the heterogeneity of latent macropinocytic processes.

In the first aim of this dissertation, I used a combination of simulations and

experiments to characterize important limitations inherent to many single particle

tracking analytical methods and to validate the accuracy of our proposed unbiased

estimator in the context of analyzing complex biological samples. This theoretical

work informed laboratory practice and was part of an effort to improve and stan-

dardize EV sample production, isolation and characterization. The current work

provided an unbiased estimator in time- and ensemble- restricted experiments,

which means that future work should focus on particular applications where the

dynamics of very few particles is important. One such possibility is to measure

particle size and zeta potential in parallel. Particle tracking-based zeta potential

measurements have been attempted in previous works but suffered from poor ac-

curacy, possibly on account of nonuniform eletrophoresis in the camera field of

view. Using local ensembles enables one to estimate nonuniform motion at the

cost of reducing ensemble membership, which our decorrelation analysis is specif-

ically designed to address. Another useful line of work is to incorporate in situ

particle tracking measurements into cell culture workflows in order to monitor EV

production in real time. Such technology would be beneficial for researchers as well
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as pharmaceutical companies designing bioprocessing pipelines. Because our ana-

lytical method accurately accounts for fluid motion even with complex biological

suspensions, we would be well situated for developing such a technology.

In the second aim of this dissertation, I developed a high-content analysis ap-

proach to profile the heterogeneity of macropinocytic processes and quantify overall

macropinocytosis activity from fluorescent images. Researchers have used simple

methods to quantify macropinocytosis over several decades, likely because measur-

ing large effects is easy. To study macropinocytosis in detail, however, we developed

new analytical tools. Our approach, LHM, was motivated by topic modeling, pop-

ularized by the natural language processing community, wherein documents are

considered instances of unobservable topics rather than of observable words. The

ability to interpret our results in a biological context is a major advantage of our

work compared to most deep learning approaches, which generate measurements

directly from pixel data rather than object data. For example, LHM can esti-

mate the number of macropinosomes per cell rather than a nebulous ‘phenotype

strength’. In future work, it would be worthwhile to incorporate more advanced

topic modeling approaches, such as Hierarchical Dirichlet Process modeling or

multi-level nested Hierarchical Dirichlet Process modeling. The current experi-

mental approach is static, and it would be interesting to perform in vivo assays

because endocytosis is itself a dynamic process. Similar to other 2D image analysis

methods performed on adherent cells, a 3D spot segmentation method and a 3D

culture model would both provide interesting insights. Another interesting line of

work could be in applying Spot Sauvola in particle tracking of EVs, where large

differences in particle size confound image acquisition parameters. Similarly, topic

modeling concepts could easily be applied to generating accurate size distributions

of biological samples consisting of multiple latent subpopulations of particles. As
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open-source imaging, image analysis and model estimation tools continue to coa-

lesce (a la CellProfiler), it is likely that a major role of the engineer will be as a

quantitative consultant to biological studies.

In the third aim of this dissertation, I explored the possibility that KRAS

mutation alleles differentially modulate macropinocytosis activity. These studies

were made possible by our unique analytical tools and by unique cell lines shared

with us by Dr. Cerione. Our analysis showed that oncogenic KRAS increased

macropinocytosis but that G12D and G12V amino acid substitutions mediated

equivalent effects. These results suggest that the two most common mutation al-

leles in pancreatic cancer induce macropinocytosis equivalently; however, we were

unable to measure the effect of other mutation alleles. Future work should cer-

tainly expand on the mutation alleles investigated, especially those alleles common

in other cancers but not typically present in pancreatic tumors (G12C). Feedback

loops between amino acid sensing and macropinocytosis also suggest that future

studies should precisely control nutrient stress. Though data matched our expec-

tations (oncogenic KRAS increased whereas EIPA inhibited macropinocytosis),

we cannot explain why the inhibitory effect of EIPA was equivalent for mutant

KRAS expressing and non-expressing cells and it would be worthwhile to inves-

tigate this effect further. EIPA itself is ripe for additional study. EIPA localizes

differently in BxPC-3 cells, which have a muted inhibitory response, compared to

HEK293 cells, which experience a large reduction in dextran internalization (data

not shown). Though EIPA’s inhibitory activity has been investigated in A431

cells, which highly overexpress EGFR, other cell types may be substantially less

sensitive than expected to inhibition by the established mechanism.
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APPENDIX A

SUPPLEMENTARY MATERIALS FOR LATENT

HETEROGENEITY MODELING

A.1 Open-source spot segmentation tools

Commisso/FIJI

The most common image analysis method for quantifying macropinocytosis

was presented by Commisso et al. using the open software ImageJ/FIJI

(https://imagej.net/Fiji) [24, 160]. Briefly, a top hat transformation by recon-

struction with a nonflat structuring element [172], i.e. rolling ball subtraction, is

used to remove background and enhance small features in fluorescent images. A

user-defined global threshold level binarizes the intensity images and subsequent

connected components analysis identifies foreground objects. False-positive objects

are often removed using object morphological features, such as area and eccentric-

ity [192]. Segmentations were obtained with a custom ImageJ/FIJI macro.

CellProfiler

CellProfiler 3.1.5 (https://cellprofiler.org), a free and open-source image analysis

software package, is frequently used for bioimage analysis [17, 110]. We modified

the Example Speckles pipeline to be used for macropinosomes, using the Identi-

fyPrimaryObjects module with intensity and shape to draw initial object bound-

aries and an adaptive Otsu threshold for binarization (window size = 50 pixels,

86



lower/upper bounds = 0.005/1, threshold smoothing scale = 1.3488). Objects were

included only if diameter was 5-50 pixels. Parameters were set at default values

unless otherwise specified.

Icy

Icy (http://icy.bioimageanalysis.org), a free and open-source image analysis soft-

ware package, has been used extensively for image analysis of membrane traffick-

ing [30]. The Spot Detector plugin (ICY-R3M2Y2) uses the undecimated wavelet

transform (UDWT) to quickly and accurately extract spots over multiple scales

with minimal input parameters [127]. Images are efficiently decomposed into mul-

tiple wavelet scales using the à trous algorithm and spots are extracted by thresh-

olding the multiscale product of significant wavelet coefficients. The optimal set

of scales was determined using pairwise comparisons.

A.2 Fixed-choice pairwise comparisons

Observers were asked to spend as much time as required to choose one of two

blinded binary mask outlines overlaid on the original image using a custom graph-

ical user interface in MATLAB. There were two stages of pairwise comparisons

each using a different stratified image set that included data from all six biological

treatment conditions for all three cell lines (k = 18). In the first stage, a power

analysis on vote differential (α = 0.05, β = 0.01, µ0 = 0, σ0 = 6.5) between two

observers performing the full factorial set (n = 4, m = 4, k = 18 is 432 compar-

isons per observer) determined a threshold to identify and exclude parameter sets
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that clearly underperformed. This step was performed to reduce burden on future

volunteer observers. An additional three observers performed the full factorial set

on the remaining conditions (144 comparisons per observer). Upon completion

of the first stage, the single best performing parameter set for each method was

identified for use in the next stage of comparisons. In the second stage, 7 observers

each performed 108 total comparisons between the four methods set to the best

performing parameters. During the administration of these assessments, care was

taken to reduce obvious sources of bias: all comparisons were performed using

the same user interface to provide blinded comparisons and at the same computer

terminal in equivalent lighting conditions to reduce environmental variations; ob-

servers performed comparisons in 30- to 60-minute intervals to reduce fatigue; and

all observers were given the same prompt to reduce training variations (“Choose

the mask that best outlines spots of all sizes and intensities”).

A.3 Additional details of LHM

Object features

Spot objects were extracted from images using Spot Sauvola. Features of the spot

objects were defined prior to classification and included both morphological and

intensity-based metrics for each object: 11 morphological metrics, such as area

and eccentricity; the maximum, minimum, mean and variance of intensities and

gradient intensities; and 11 Haralick texture features calculated from the gray-level

co-occurrence matrix [60](haralickTextureFeatures from MATLAB file exchange).

Two spot-specific metrics were also included: one, the 2D correlation coefficient
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(i.e. similarity) between a thumbnail of the extracted object and a simulated spot

with radius scaled to the objects equivalent diameter and with normal intensity

distribution scaled to total object intensity; and, two, the Hausdorff distance (i.e.

dissimilarity) between the object outline and the simulated spot outline.

Data clipping

Prior to unsupervised learning of endosome subpopulations, automated annota-

tion of the extracted object features was used to remove likely false objects from

the data set. Objects were removed from further analysis if any one of the feature

values for area, eccentricity, equivalent diameter, major and minor axis length, and

Hausdorff distance were above the 99.95th percentile for all objects. Similarly, ob-

jects were removed if area was less than 3 pixels, which indicated a high possibility

of a false-positive object, or the 2D correlation coefficient was less than -0.1, which

indicated anti-correlation with a spot-like object. A total 971 out of ∼ 280, 000

objects were removed from the object-level feature matrix.

Mixed effect modeling

Generalized linear mixed effect (GLME) modeling is a flexible regression frame-

work appropriate for unbalanced data sets and compatible with non-Gaussian re-

sponse variables and correlated model parameters. GLMEs incorporate known

independent variables as fixed effects and known hierarchies, such as the experi-

mental design, as random effects and produce estimated marginal means, where

random effects have been marginalized. Random effects are parameterized in the

model using their variance, unlike fixed effects which are parameterized using their
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expectation. For a standard linear mixed effect model,

y = Xβ + Zγ + ϵ, γ ∼ N(0, G) (A.1)

where y is the normally distributed response variable, X is the design matrix for

the predicting variables, β is the vector of fixed effect regression coefficients, Z is

the design matrix for the random effects, γ is the vector of random effect coeffi-

cients that is sampled from a normally distribution with mean zero and variance-

covariance matrix G, and ϵ is the vector of residuals. To regress response variables

distributed according to any member of the family of exponential distributions

(e.g. gamma distribution), GLMEs instead model the expectation of the response

variable,

y = g−1(Xβ + Zγ) + ϵ,

E[y] = g−1(Xβ + Zγ), (A.2)

where g−1(·) is the inverse of the link function. Link functions are usually selected

based on the distribution of y in order to transform the data appropriately. GLME

regression was performed in MATLAB R2016a using the fitglme function in the

Statistics toolbox. For all three GLME models compared in this work (Naive,

Commisso-Wang, LHM), a gamma distribution with a log link function was used

to model the response variable. The gamma distribution has a dispersion param-

eter, which was necessary to accurately model both the area and count response

variables (Appendix Fig. A.4). An offset equal to the log-transformed cell area

was included to account for variability in cell confluency per image. Estimated

marginal means then accounted for this offset by adding the log of the average cell

area per image to the estimates produced by the fit model. Nested random effects

reflected the experimental hierarchy and accounted for correlation between exper-

iments, treatments within an experiment, and replicates within treatments within

an experiment according to the following groupings using Wilkinson notation:

RE = (1|Experiment) + (1|Experiment:Treatment) + (1|Experiment:Treatment:Replicate),

(A.3)
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where 1 indicates a random intercept calculated by grouping on the levels pro-

vided in parentheses [198]. Residuals of the GLME regressed for LHM suggest

that the use of GLME regression on our data set was valid (Appendix Fig. A.5).

Conditional estimates from the GLME regressed for LHM demonstrate that ran-

dom effects from experimental variation did not dominate object count estimates

(Appendix Fig. A.6). The three models in this work are as follows:

Naive model: E[E[ObjectArea]] = g−1(CellLine ∗ Treatment + log(CellArea) + RE),

C-W model: E[
∑

ObjectArea] = g−1(CellLine ∗ Treatment + log(CellArea) + RE),

LHM: E[ObjectCount] = g−1(CellLine ∗ Treatment ∗ EndoClass

+log(CellArea) + RE),

where RE are the random effects defined in Eqn. (A.3).

Macropinocytosis score

LHM estimated object counts for each of the ten latent macropinosome class per

image. To obtain a single metric, i.e. the Macropinocytosis Score, macropinosome

classes were weighted by the belief that the class was a true macropinosome. Thus,

the final marginalization can be considered Bayesian, where we have approximated

prior distributions for key macropinosome object features. The literature is clear

that macropinosomes are characterized as large organelles (≥ 0.2µm) and full of

extracellular fluid, and prior probability distributions were generated from these

descriptions (Appendix Fig. A.7). Macropinosome classes were then weighted by

the total probability of being a true macropinosome, and the Macropinocytosis

Score for a given cell line and treatment were given as

Score(C, T ) =
H∑
i=1

E[λ | C, T, M̂i]
B∏
j=1

Prj(M̂i ∈ Φ | Kj), (A.4)
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Parameter set Ranking a�er power analysis Ranking a�er 1st stage Ranking a�er 2nd stage

1  T = 1400 (Manual)

2  T = 1800 (Manual)

3*  T = 1527 (Triangle)

4*  T = 14511 (Otsu)

1 TCF = 0.3

2* TCF = 0.5

3* TCF = 0.7

4* TCF = 1.0

1  Scales = 2, 3

2  Scales = 2, 3, 4

3*  Scales = 3, 4, 5

4*  Scales = 2, 3, 4, 5

1 k = 20, T = 0.005

2 k = 15, T = 0.015

3 k = 15, T = 0.005

4 k = 10, T = 0.010

* Removed a�er power analysis

Commisso 1 & 2 > 3 > 4 1 > 2 > 3 > 4

Spot Sauvola & ICY > Commisso > CellProfiler

CellProfiler 1 > 2 > 3 & 4 1 > 2 > 3 & 4

ICY 1 & 2 > 3 > 4 1 > 2 > 3 > 4

Spot 

Sauvola
1 & 2 & 3 & 4 1 > 3 > 4 > 2

Table A.1: Multiple stages of pairwise comparisons. First, two observers
performed the full factorial set of comparisons for the different within-method pa-
rameters. A power analysis on the vote results indicated clear underperforming
parameter sets, which were removed from further comparisons. Second, several ob-
servers performed the remaining within-parameter comparisons (Stage 1). Third,
several observers performed the factorial set of comparisons for the different meth-
ods, each using the best-performing parameter set determined prior (Stage 2).
Spot Sauvola and ICY were statistically indistinguishable, and both were more
accurate than Commissos method and CellProfilers Speckle pipeline.

where E[λ | C, T, M̂i] is the estimated object count for a given cell line C, treatment

T and latent macropinosome class M̂i; H is the number of macropinosome classes

used to model the heterogeneity;
∏B

j=1 Prj(M̂i ∈ Φ | Kj) is the total probability of

class M̂i belonging to the true set of macropinosomes, Φ, given the prior knowledge

Kj ∼ Prj; and B is the number of facts we know about macropinosomes. In this

mathematical framework, the Commisso-Wang model can be considered to have

λ =
∑

ObjectArea, B = 1 and Pr(M | K) equals zero when object area is

below some threshold and equals one when object area is above some threshold.

Therefore, the Macropinocytosis Score calculated using LHM incorporates not only

macropinosome heterogeneity but also multi-dimensional thresholds that have been

relaxed so as to soften the impact of subjective thresholds.
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Figure A.1: Comparison of Normalized MPC Index as calculated using
the method in [24]. Both an automated estimate (Otsus method) and a man-
ual determination of optimal intensity level threshold appeared reasonable when
overlaid on gray-level images; however, results indicated opposing biological conclu-
sions. Otsus method suggested BxPC-3 cells were not affected by EIPA inhibition
and thus do not undergo macropinocytosis, which is a prevalent conclusion in the
literature for this cell line, whereas a manually set threshold suggested dose-depen-
dent inhibition of macropinocytosis. Muddled results highlighted the need for a
more accurate, more robust and automated method to quantify macropinocytosis
score.
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Figure A.2: Bi-plot of the loadings on PC1 and PC2 in terms of the orig-
inal object features. Intensity-related features (red vectors) were highly corre-
lated/anti-correlated and largely aligned with PC1. Size-related features (green
vectors) were mostly correlated and mid-way aligned with both PC1 and PC2.
Shape-related features (cyan vectors) were mostly correlated and largely aligned
with PC2. Data show the importance of utilizing multiple feature types to sepa-
rate latent subpopulations of macropinosomes. High correlation between multiple
features highlights the importance of projecting feature data onto the uncorrelated
principal component subspace prior to clustering.
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Figure A.3: Estimated probability density function of the object-level
feature matrix in the stratified image set used to train the mixture
model. The even spacing of the log-distributed contour lines suggests multivariate
log-normal statistics could describe the object-level feature matrix. However, rare
subpopulations, such as that suggested by the isolated contour on the far right of
the scatter plot, could be occluded even for log-normal statistical analyses.
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Figure A.4: Comparing theoretical distributions to the empirical data. A
PP-plot scaled to the empirical data (black line) demonstrates that total object
counts per image are poorly described as Gaussian-distributed (red) or Poisson-
distributed (blue). Total object counts per image could be best described as
gamma-distributed (green). Fitting a Poisson distribution led to pronounced
overdispersion, poorly estimated variance and provided inaccurate inference.
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Figure A.5: Residual plots of the LHM. (a) A histogram of Pearson residual
values validates the assumption that residuals are normally-distributed with zero
mean. (b) A scatter plot of Pearson residuals vs. fitted values shows that the
homoscedastic assumption of uniform variance was reasonable. (c) A scatter plot
of lagged Pearson residuals shows no underlying correlation in model estimates.
Together (a-c) demonstrate LHM did not violate any assumptions required to fit
a generalized linear mixed effect model.
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Figure A.6: Model estimates conditional on single random effect levels
demonstrate minor influence of random effect levels, as expected. There
were three biological replicates of all treatment conditions for each cell line. By
enforcing all data for a single cell line to originate from only one of the biological
replicates and considering the histogram of conditional estimates, we can visual-
ize the influence of each individual biological replicate (i.e. random effect level).
Although histograms across cell lines appear different, there are only minor dif-
ferences between replicates within a cell line. These data suggest that there were
no major technical differences between biological replicates as well as verify that
random effects were minor compared to fixed effects.
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Figure A.7: Prescribed prior distributions for the probability of an object
being a true macropinosome. (Left) Macropinosomes are > 0.2µm but can also
be much larger, so the probability density function of a gamma distribution (fΓ(k =
6, θ = 1000)) was tuned to approximate the intuition in the field of macropinosome
diameter. (Right) Macropinosomes are filled with fluid and therefore expected to
be labelled brightly with fluorescent dextran, so the cumulative density distribution
of a logistic distribution (f(µ = 0.2, σ = 0.04) was tuned to approximate this
intuition. For each macropinosome class, the median was used to estimate the
probability of the class representing a true macropinosome. The total probability
was the product of the two conditional probabilities shown above.
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Feature type Features EGF S�mula�on EIPA Inhibi�on Vehicle control Macropinocytosis Related

Haralick1 x x Y

Haralick2 x x Y

Haralick4 x x Y

Haralick5 x x Y

Haralick6 x x Y

Haralick7 N

Haralick8 x x Y

Haralick9 x x Y

Haralick10 x x Y

Haralick11 x x Y

Haralick13 x x Y

MaxIntensity x x Y

MinIntensity x x Y

MeanIntensity x x Y

VarianceIntensity x x Y

MaxGradIntensity x x Y

MinGradIntensity N

MeanGradIntensity x x Y

VarianceGradIntensity x x Y

Area x x Y

EquivDiameter x x Y

MajorAxisLength x x Y

MinorAxisLength x x Y

Perimeter x x Y

Roughness x x Y

Compactness x x Y

MajorMinorAxisRa o N

Eccentricity N

Orienta on x N

N/A Solidity x N

Correla on with Gaussian spot 
b x N

Hausdorff distance with Gaussian spot 
b

x x Y

a 
Holm-Bonferroni method  (α=0.05)

b 
Features proposed in this work

Intensity

Size

Shape

Intensity 

& Shape

"x" indicates significance
a

Table A.2: Exploratory analysis of object features. All 32 predefined object
features were tested individually using ordinal trend tests to determine if the fea-
ture was related to macropinocytosis. To be related to macropinocytosis, a feature
must be significantly related to EGF stimulation and EIPA inhibition while not
significantly related to any difference between the baseline treatment and a vehicle
control. All Intensity and Size features were related to macropinocytosis.
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[147] Aurélien Rizk, Grégory Paul, Pietro Incardona, Milica Bugarski, Maysam
Mansouri, Axel Niemann, Urs Ziegler, Philipp Berger, and Ivo F. Sbalzarini.
Segmentation and quantification of subcellular structures in fluorescence mi-
croscopy images using Squassh. Nature Protocols, 9(3):586–596, 2014.

[148] M. Roding, H. Deschout, Kevin Braeckmans, A. Sarkka, and M. Rudemo.
Self-calibrated concentration measurements of polydisperse nanoparticles.
Journal of Microscopy, 252(1):79–88, 2013.

[149] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-Net: Convolutional
Networks for Biomedical Image Segmentation. In Nassir Navab, Joachim
Hornegger, William M. Wells, and Alejandro F. Frangi, editors, Medical Im-
age Computing and Computer-Assisted Intervention MICCAI, pages 234–
241. Springer, Cham, 2015.

[150] Christopher J Rowlands and Peter T C So. On the correction of errors
in some multiple particle tracking experiments. Applied physics letters,
102(2):21913, 2013.

[151] Michael J Rust, Mark Bates, and Xiaowei Zhuang. Sub-diffraction-limit
imaging by stochastic optical reconstruction microscopy (STORM). Nature
Methods, 3(10):793–796, 2006.
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