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”The use of nanoparticle platforms in the field of medicine as diagnostic tools and therapeutic agents has

been a long-promised hope. Despite some successes, including FDA approval of micelle and liposomal

formulations for the delivery of strongly hydrophobic anticancer drugs, the translation of these technolo-

gies has slowed; in 1995, the ratio of animal studies to FDA-approved drugswas 19:1 and the ratio of animal

studies to clinical studies was 7:1. Fifteen years later in 2010, the ratio of animal studies to FDA-approved

drugs was 4000:1, and the ratio of animal studies to clinical studies was 120:1. There are many factors

contributing to the slow in translation of nanotherapeutic technologies including bottlenecks in funding

and the number of researchers trained in translational and clinical studies. But there are some upstream

causes that need to be addressed prior to consideration of clinical trials. In this dissertation, I focus on two

in particular: a limited knowledge of nanoparticle-environment interactions at the cell, tissue, and organ

levels; and the slowness of existing screening tools to identify potentially successful nanoformulations.

This dissertation presents a number of tools that can be used to inform systems-level models of

drug-environment interactions and improve the screening of drug candidates. Using in vitro and

ex vivo models we demonstrate that nanoparticle colloidal stability can be used as a screening tool

for nanoparticle therapeutics to the brain. We also demonstrate the use of trajectory datasets col-

lected via fluorescent microscopy and multiple particle tracking to distinguish nuanced aspects of the



nanoparticle-microenvironment interaction space using neural networks, including protein adhesion

and nanoparticle cell uptake. We apply similar methods to investigate the role of key nanoparticle

features (surface functionality, PEG grafting density, PEG chain length) in determining in vitro and ex

vivo transport behavior. This method of analysis highlights the potential of nanoparticles to be used

both as pre-clinical diagnostic probes without the use of complex chemistries and to guide nanoparticle

design for therapeutic interventions. ”
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1

Introduction

The use of nanoparticle platforms in the field of medicine as diagnostic tools and therapeutic agents has

been a long-promised hope. Despite some successes including Food andDrugAdministration (FDA) ap-

proval of micelle and liposomal formulations for the delivery of strongly hydrophobic anticancer drugs

[1], the translation of these nanotechnologies has slowed. As shown in Figure 1, while the number of

nanoparticle studies and nanoparticle studies using animal models have increased exponentially since the

90s, the number of studies entering clinical trials and the number of nanoparticle formulations approved

by the FDA have not seen similar increases. In 1995, the ratio of animal studies to FDA-approved drugs

was 19:1 and the ratio of animal studies to clinical studies was 7:1. Fifteen years later in 2010, the ratio of

animal studies to FDA-approved drugs was 4000:1, and the ratio of animal studies to clinical studies was

120:1. There are many factors contributing to the slow in translation of nanotherapeutic technologies in-

cluding bottlenecks in funding and the number of researchers trained in translational and clinical studies

[2], as well as quality control considerations in scaling up nanoparticle synthesis [3]. But there are some

upstream causes that need to be addressed prior to consideration of clinical trials: a limited knowledge

of nanoparticle-environment interactions at the cell, tissue, and organ levels [4]; and the slowness of ex-

isting screening tools to identify potentially successful nanoformulations [3]. Because the design feature

space of nanotherapeutics is so large, we either have to identify a rational method to narrow the search

space (increase fundamental knowledge) or increase the speed atwhichwe can test potential formulations

(increase throughput). Improved models must take into account drug interactions at multiple levels of
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Figure 1: Cumulative nanoparticle-related publications over time in the biomedical and life sciences fields
(Search terms: Nanoparticles (purple), Nanoparticles AND Animals[MeSH terms] (blue), Nanoparti-
cles[clinical studies] (teal), FDA approved nanoparticle formulations (yellow-green)).
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analysis (cell, tissue, organ, organ system), and can be guided by theoretical, computational, andmachine

learning approaches. Ideally, improved screening methods could be modelled on the directed evolution

approaches of enzyme and protein engineering [5]. Recent advances include the use of microfluidics de-

vices to test libraries of particle formulations simultaneously in in vivo like conditions [6], and barcoded

nanoparticles to measure nucleic acid delivery of dozens of distinct nanoparticles at once [7]. The field

of machine learning has additionally increased the power of screening studies by utilizing data that is

normally thrown away to guide future iterations in the design process.

In this introductionwewill review advances in two approaches to accelerating the translation of nanopar-

ticle therapeutics: the systems approach to rational design, and the use of machine learning approaches

in conjunction with nanoparticle trajectory datasets to evaluate nanoparticle transport properties.

0.1 Systems-level thinking for nanoparticle-mediated thera-

peutic delivery for brain diseases

Despite the significant financial investment we have made, we are still struggling to understand and ade-

quately treat themajority of complex diseases. Neurological diseases account for 13% of the global burden

of disease and cost roughly $750 billion a year to treat. Drugs that are used to treat the injured or diseased

brain take 35% longer to be used in humans compared to drugs for any other type of disease [8]. Evaluat-

ing therapeutic interventions for a disease is difficult because the disease microenvironment is dynamic,

heterogeneous, and variable fromperson to person. Delivering drugs to the diseased brain environment is

also challenging, because the brain is protected by strictly regulated blood-brain barrier (BBB) and blood-

cerebrospinal fluid (CSF) barriers, and has a complex microenvironment through which a therapeutic

must move. Typically, less than 1% of a drug actually gets to the target organ, and often not just to the dis-

ease sites within the organ [9]. In addition, many drugs focus on suppressing one aspect of the disease, or

have mechanisms that are complex and poorly understood, such that drug interactions within the body

cannot be controlled or predicted. Administering more of a drug, or a cocktail of drugs, compensates for
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the inefficiency in getting a drug to a target disease site, but both of these approaches may increase side

effects and harm normal healthy tissue.

Nanoparticles, which consist of small (~1-100nm) tailorable platforms, can address someof the issues asso-

ciated with ineffective drug delivery by increasing drug solubility [10], protecting drugs from clearance or

fromnon-specific uptake [11], and by providing controlled or timed-release of a drug at the site of interest

[1]. An increase in the development of nanoparticle-based drug delivery for the brain has yet to translate

into a therapeutic standard of care in patients for any neurological disease, despite the fact that pre-clinical

studies using nanotechnology overcome individual barriers to drug delivery to the brain, particularly the

BBB. The growing body of data from pre-clinical and clinical trials necessitates a new approach to inte-

grating information generated from brain-oriented fields (i.e. neuroscience, physiology, genetics, devel-

opmental biology, psychology, neurology, neurosurgery) with scalable technologies (i.e. via engineering,

physics, chemistry, and materials science contributions) in a clinically relevant way.

An approach that integrates and applies information from a diverse array of fields requires systems-level

thinking. The approachmust account for an understanding of biological barriers to therapeutic interven-

tion in the brain and an understanding and leveraging of nanoparticle material properties to overcome

those barriers. Systems analysis is a problem-solving method that attempts to balance holistic and re-

ductionist thinking paradigms. The systems analysis framework is based on parts of a system being best

understood in the context of relationships with each other and with other systems, rather than parts of

a system being evaluated in isolation. Given the genetic, lifestyle, and environmental complexity of the

human race, a systems approach is important in engineering nanoparticles for application in complex

human diseases, like those of the brain.

Nanotechnology is a useful information-gathering tool, therapeutic intervention, or diagnostic platform

for applications in the brain. By using nanoparticles to probe the brain, it is possible to learn and quantify

how accessible the brain is to a therapy in the context of each disease, and how readily a therapy canmove

to the diseased cells once in the brain. Both the nanomaterial contributions and the physiological contri-

butions play a role in therapeutic outcome, and therefore do not function in isolation. For example, it is

important to understand the aspects of a brain disease, i.e. BBB impairment and cell activation, that in-
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fluence the ability of a nanoparticle to deliver a drug to a target cell. Greater BBB impairment can increase

nanoparticle passage across the BBB into the brain parenchyma. However, increased phagocytic behavior

of activated microglia in the injured brain can scavenge nanoparticles out of the brain parenchyma once

the nanoparticle is across the BBB [12, 13], limiting uptake into other cells associated with a disease. It is

equally important to evaluate hownanoparticle size and surface charge can lead to increased uptake across

the impaired BBB, and alter cell specific uptake once in the brain.

To take into account multiple interacting aspects of physiology and nanomaterial properties, we can use

a systems perspective to map and design nanotechnology platforms to treat neurological diseases. The

next section will present physiological barriers to drug delivery in the brain and common neurological

disease hallmarks that influence these barriers. Synthesis of pathophysiological barriers and nanoparticle

physicochemical properties into a broader systems view creates an integrated approach to future work

using nanotechnology to treat neurological diseases.

0.1.1 Physiological barriers to nanoparticle delivery in the brain

The brain is a complex organ that regulates respiration,motor control, memory, sleep, behavior, and how

we relate to and interpret our environment. When the brain becomes sick or injured, the extent of damage

and functional outcome are variable and heterogeneous, both within the brain itself and across species.

Injury in the brain is often diffuse, in many cases affecting more than one region of the brain and more

than one brain cell type. As humans age, the brain also deteriorates naturally, making usmore susceptible

to certain neurological disorders [14]. For delivery to the brain, a nanoparticle must be able to (i) avoid

rapid clearance by the reticuloendothelial system (RES) and (ii) bypass or cross the BBB (Figure 2A).Once

in the brain parenchyma, regardless of the administration route, a nanoparticlemust (iii) penetratewithin

the brain microenvironment to reach diffuse disease sites, and (iv) provide intra- or extracellular release

of the therapeutic agent at the site of disease (Figure 2A-C). Common disease hallmarks affect each of the

aforementioned barriers. These disease hallmarks include extracellular matrix (ECM) changes [15, 16],

inflammation [17, 18], oxidative stress [14, 19, 20], excitotoxicity [21, 22], cell death [23, 24], and impaired
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Figure 2: Barriers to nanoparticle delivery to the brain. For a nanoparticle-based therapeutic delivery
system to be effective in the brain, it must be able to overcome the system of barriers in the brain. (A)
Following systemic administration, a nanoparticle must avoid rapid clearance by the RES and bypass or
cross the BBB. A nanoparticle can cross the BBB via receptor-mediated transcytosis or permeation across
impaired tight junctions. The nanoparticle must then navigate the brain microenvironment by avoiding
steric or adhesive interactions with the ECM, to reach diffuse disease sites. The nanoparticle must then
provide site-specific delivery to diseased cells, either extracellularly or after internalization via non-specific
fluid phase endocytosis, phagocytosis, or receptor-mediated cellular transport (inset). (B) Following lo-
cal delivery, a nanoparticle must still navigate the ECS and ECM, avoid clearance along the PVS or into
the ventricles, and then provide site-specific therapeutic action at a diseased cell. (C) A nanoparticle de-
livered directly into the CSF, i.e. intraventricular, will need to cross the ependymal layer, although this
mechanism remains largely unknown, and navigate the ECS and ECM to reach target cells.
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fluid flow [25, 26], which are present in almost all neurological diseases to varying extents.

0.1.1.1 Common disease hallmarks in neurological disease

Pathophysiology influences the BBB, the brain microenvironment, and cell-specific behavior, and these

vary from disease to disease and across individuals with the same clinically defined disease. A systems-

level perspective of how disease hallmarks can influence each barrier to nanoparticle delivery in the brain

(Figure 3) can help understand how nanoparticle-based therapeutics can overcome these barriers to de-

crease disease burden. For example, inflammation, oxidative stress, cell death, and excitotoxicity change

the brain microenvironment by increasing cell debris within the ECS, disrupting BBB function and in-

tegrity, and altering the composition and structural geometry of the ECM [27–29]. These disease hall-

marks are present in cancer, acute neurological injury, neurodegenerative disease, neuropsychiatric and

neurodevelopmental disease, and in CNS infection. In primary brain cancers, such as malignant gliomas

(MG), medulloblastomas, and oligodendrocytomas, changes in BBB permeability and an overproduc-

tion of ECM components are seen, as well as increased inflammation, macrophage infiltration, and cell

death [30]. These disease processes increase the tortuosity and decrease the volume fraction of the ECS.

Increased interstitial pressure within the tumormicroenvironment can also inhibit movement and distri-

butionof a therapeuticwithin that environment [31]. This demonstrates the dynamic and interconnected

nature of disease hallmarks that must be accounted for in nanotherapeutic design.
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Figure 3: Neurophysiology and biology-based factors influencing nanoparticle delivery in the brain. The
system of factors that change in the presence of an input (examples in blue) can positively or negatively
impact common disease hallmarks (examples in red) and changes in BBB permeability, brain microen-
vironment, and cell behavior in the brain. These changes influence the ability of a nanoparticle to pen-
etrate across the BBB, move within the brain parenchyma, and uptake into specific cells; however, as
the map shows, none of the factors influencing nanoparticle delivery of a therapeutic can be viewed in
isolation. Double-headed arrows indicate a two-way effect of similar directionality (i.e. pathological as-
trogliosis increases chronic inflammation, and chronic inflammation increases pathological astrogliosis).
Abbreviations: ROS/RNS- reactive oxygen/nitrogen species; MMP- matrix metalloproteases; NMDA-
N-methyl-D-aspartate.
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0.1.2Nanoparticle physicochemical properties for overcoming physiolog-

ical CNS barriers

Avariety ofmaterials have been utilized for nanoparticle delivery to the brain, including dendrimers [32],

polymers [33, 34], micelles [35], hydrogels [36], liposomes and solid lipids [37, 38], gold [39], silica [40],

and silver-based inorganics [41], iron or iron oxides [42, 43], quantum dots [44], and carbon nanotubes

[45, 46]. For each of these nanoparticle systems, important physicochemical characteristics that affect

drug delivery and efficacy include size, surface charge, composition, molecular weight (MW), material

structure, rigidity/elasticity, shape, and material porosity (Table 1). The combination of nanoparticle

physicochemical properties influence absorption, distribution, metabolism, and excretion (ADME pro-

files) of these particles from the body [47]. In addition, the physicochemical nanoparticle properties will

play a role in whether the nanoparticle can bypass the BBB, move through the brain microenvironment,

and uptake into disease-specific cells, which directly influences therapeutic outcome and reduction of

disease burden in the brain.

0.1.3 Synthesizing nanomaterial properties and pathophysiology hall-

marks using systems-level thinking

Nanoparticle physicochemical properties and administration routes can be fine-tuned to leverage disease

hallmarks to overcoming barriers in the brain. A variety of factors can determine or influence the thera-

peutic effect and impact on disease burden. Some factors are specific to the disease (etiology, developmen-

tal age at onset/injury, progression of the disease), and some factors are specific to susceptibility or risk

of disease (genetics, environmental, diet, lifestyle, age). Regardless, common disease hallmarks, includ-

ing ECM changes, inflammation, oxidative stress, excitotoxicity, cell death, and impaired fluid flow, are

present in almost all neurological diseases, albeit to varying extents. The impact of these hallmarks must

be taken into consideration when altering the design of a nanoparticle system to treat a certain disorder.

Rather than try to increase brain uptake in a purely iterative manner, which may result in poorer
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outcomes and slower progress, systems-level thinking maps the disease and the nanoparticle as part of

the same dynamic environment. Tailoring nanoparticle properties to specific disease commonalties, i.e

inflammation, in the brain could lead to more rapid and effective translation into the clinic. In brain dis-

eases, particle properties must be fine-tuned to achieve uptake in the brain, distribution within the brain,

and cell-specific interaction (Figure 4). By implementing a rational design process to nanotherapeutics,

we can significantly reduce the overall search space of potential drug therapies. Considering the potential

magnitude of such a search space, as explored in this review (e.g. size, surface functionality, corematerial),

this will be key to avoid a flatline in nanotherapeutic development. In the next section, we will explore

efforts to accelerate nanoparticle development in the form of increased screening tools. A complemen-

tary approach to narrowing the search space is speeding up the screening process. While there are many

measures that should bemonitored while developing nanotherapeutic delivery vehicles (e.g. release rates,

percent activity), a key measure is nanoparticle transport properties. The next section explores advances

in machine learning techniques in conjunction with multiple particle tracking datasets to increase the

amount of information available to researchers from tracking studies.

0.2 Exploring the interface of trajectory datasets andmachine

learning in biomedical applications and the life sciences

Researchers in biomedical and life sciences fields are increasingly turning to single particle tracking (SPT)

and multiple particle tracking (MPT) as a method of data collection. MPT techniques can be used to

measure rheological properties [48], pore sizes [49], and other aspects of biological microenvironments.

MPT can monitor and quantify the behavior of cellular receptors [50], organelles [51], viruses [52], and

cells [53]. MPT has also been applied to quantify nanoparticle transport properties, a key characteristic

in evaluating overall efficacy for nanotherapeutic platforms [54]. Using a variety of microscopy tech-

niques, virtually any target of adequate size that can be labelled to distinguish it from background can be

tracked tomeasure transport properties. MPT has become an essential component of the rational design
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Figure 4: Predictive designmapping of nanoparticle behavior as a function of nanoparticle physicochem-
ical properties to overcome barriers to therapeutic delivery in the brain. Nanoparticle physicochemical
properties (blue), including size, core material, surface charge, and surface coating, can influence the be-
havior of the nanoparticle in the brain, specifically the ability of a nanoparticle to overcome barriers to
therapeutic delivery. However, pathophysiological hallmarks (red) influence these barriers, potentially
altering the nanoparticle behavior. By looking at the system of factors, both nanoparticle properties and
disease hallmarks, nanoparticles can be designed to avoid dead ends (red arrows) that will prevent the
particle from achieving a therapeutic effect in the brain. Additional factors, such as shape and particle
stiffness, will also effect therapeutic delivery, but these are less well-studied in the brain.
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Figure 5: Literature search of biomedical publications implementing multiple particle tracking meth-
ods stratified by the object of interest (Orange: cells, Green: organelles, Red: receptors, Purple: viruses,
Brown: nanoparticles, Blue: other).

of nanoparticle therapeutics and is increasingly leveraged to answer a wider variety of biomedical ques-

tions. We performed a literature review using PubMed to identify publications that have implemented

particle tracking methods in biomedical and life sciences in the last 40 years, with search terms including

(((“Microscopy, Video”[MeSH Terms]) AND (“Diffusion”[MeSH Terms])) OR “biological trajecto-

ries” OR “particle tracking”), and sorted the results by the unit of tracking (Figure 5). Of the 2375 papers

implementing a trackingmethod, 15.6%were tracking nanoparticles, 28.3% cells, 9.7% cell receptors, 8.5%

organelles, and 6.3% viruses. The number of papers published per year has increased from 11 papers in

1995 to 244 in 2018 (an increase of ~10 papers/year).

Despite the application of MPT to a variety of problems in biomedical fields, most papers share a com-

mon formula: MPT is used to quantify some magnitude of transport (e.g. diffusion coefficient), and

an ensemble measure of central tendency is reported. In terms of the ratio of raw data to the amount

reported and utilized, this is very inefficient. When researchers are collecting thousands to millions of

trajectories in a single experiment and reporting a single scalar value or a single ensemble-averaged MSD

profile, spatial and geometric information that does not directly contribute to the magnitude of trans-

port is lost. However, machine learning is one toolset that can potentially be leveraged by researchers
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to expand the utility of MPT datasets. Machine learning is a set of analytical tools to identify patterns

and buildmodels to describe datasets. Machine learningmethods span in complexity and interpretability

from simple 1D linear regression models to neural networks. James et al. provides an introduction and

overview to machine learning methods[55]. When adding in the terms “machine learning”, “classifica-

tion”, “data science”, “random forest”, “support vector machine”, “regression”, “neural network”, and

“supervised”, or 30 (1.3%) of biomedical papers usingMPTmethods have implementedmachine learning

to analyze collected trajectory datasets.

In section 0.2, we will give an overview of the ways machine learning methods have been implemented

using trajectory datasets in the biomedical and life sciences literature. We will provide a brief overview

of novel machine learning techniques implementing trajectory datasets from the artificial intelligence

and computer science fields and give suggestions about how these can be applied to trajectory datasets

in biomedical applications, with particular emphasis on how these can be used to advances the screening

of nanotherapeutic delivery vehicles.

0.2.1 Machine learning applied to trajectory datasets in the biomedical

and life science fields

Existing use of machine learning methods with biological trajectory datasets is limited to a few use cases.

The primary application classifies trajectories into their motion type. In terms of the mean-squared dis-

placement (MSD), motion can be classified into the following types:
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Table 2: Motion types and their mathematical representations

Motion type Mean Squared Displacement

Brownian motion ⟨r2(n)⟩ = 4DnΔt

Anomalous diffusion ⟨r2(n)⟩ = 4D(nΔt)a

Directed motion ⟨r2(n)⟩ = 4DnΔt+ (vnΔt)2

Confined diffusion ⟨r2(n)⟩ = r2c[1 −A1e−4A2DnΔt/r2c ]

where ⟨r2(n)⟩ is the mean squared displacement, D is the diffusion coefficient, n is the frame number,

Δt is the frame speed, α is the anomalous exponent, v is the velocity, rc is the radius of confinement,

and A1 and A2 are shape constants [56]. Each motion type has a distinct shape, as shown in Figure 6.

At the most basic level, classification by motion type can be applied algorithmically without any need

for machine learning techniques. In one paradigm, a trajectory can be fit to each of the above motion

models and classified based on the model with the best goodness of fit. This method was used by Li et

al. to classify movements of secretory granules within cells into random, directed, and caged diffusion

modes [57]. In a second paradigm, trajectories can be fit to one or two models and classified using user-

defined thresholds on fitting parameters. Liu et al. classified trajectory segments based in their anomalous

diffusion exponent and directional persistence [42]. Machine learning methods such as support vector

machines (SVMs), random forests, andneural networks have also beenused to classify trajectories by their

motion type. In addition to different machine learning algorithms, each of these methods use different

methods of determining input features of interest, training datasets, and output motion categories.

0.2.1.1 Support Vector Machines

In our first example, Helmuth et al. leverages a series of binary SVMs to classify the trajectory segments

of virus particles within cells into five motion types: confined motion, slow drift, fast drift, and directed

motion, and unclassified [58]. Each of these motions within cells occur due to interaction with cell com-
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Figure 6: MSD profiles of normal diffusion, anomalous diffusion, directed motion, and confined diffu-
sion on (a) a linear scale and (b) a log scale.

ponents. For instance, confined motion occurs due to receptor-ligand interactions causing immobiliza-

tion, while fast drifting and directedmotion occur whenmolecularmotors drive virusmotion. Brownian

motion is lumped together with other types of motion into an unclassified category. These motion types

mostly overlap with the classes of motion types described above: both confined and directed motion

are present. The new categories, slow drift and fast drift, are variations of directed motion: both have a

uniform velocity component of varied magnitude superimposed on an underlying diffusive component.

Helmuth’s binary SVMs are based on seven geometric trajectory features (net displacement, straightness,

bending, efficiency, asymmetry, point position skewness, and point position kurtosis), some of which are

defined in Figure 7. Figure 7 demonstrates how geometric features vary between two extremes, a straight

line and perfect circular motion, with directed, anomalous, and confined motion as intermediates. Hel-

muth et al. doesn’t explain whether these features are exhaustive or how these were selected but does

specify that features must not be dependent on rigid-body rotations and translations of entire trajectory

parts. Similar sets of geometrical features are used in MPT machine learning applications, such as the

set of nine features proposed by Wagner et al. used in random forests [56]. Helmuth et al. performs an

exhaustive feature selection step by training each SVM classifier on each possible combination of features

[58]. The classifierwith the best performance is selected. The final classifiers implement 3-6 of the original

seven features to predict motion type. These simpler models that have smaller parameter spaces reduce
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model complexity and increase robustness of the resulting predictors.

0.2.1.2 Random Forests

In a second example,Wagner et al. performed an analysis of trajectory segments similar toHelmuth et al.

using random forests instead of support vector machines [56, 58]. Trajectories of nanoparticles diffusing

in lung fibroblast cell populations were classified by motion type into normal diffusion, anomalous dif-

fusion, confined diffusion, and directed motion. These are a slightly different scheme than Helmuth et

al.’s system of classification [58]. Wagner et al. distinguishes between sub-diffusive motion types: con-

fined diffusion and anomalous diffusion [56]. Helmuth et al., on the other hand, distinguishes between 3

magnitudes of convective component motion: slow drift, fast drift, and directedmotion [58]. These mo-

tion types were selected by a previous knowledge of the biological mechanisms involved. This is a good

reminder that machine learning methods cannot be applied blindly, but must be accompanied by theo-

retical knowledge of the phenomena being observed. In addition to SVMs and random forests, neural

networks have also been used to classify motion types of biological trajectory datasets [59].

0.2.2 Machine learning techniques from AI fields: Feature extraction

methods

Trajectory datasets aren’t limited to MPT nor are they unique to biomedical applications. The field of

AI includes a rich variety of applications implementing machine learning algorithms to classify behavior

based on trajectory data. In the following two sections, we will highlight a few of these methods and

suggest how they can be applied to trajectory dataset in biomedical settings. In section 3, wewill highlight

a series of alternate feature extractionmethods (e.g. feature selection, dimensionality reduction) that have

been implementedon a variety of types of trajectory datasets. As trajectory datasets are highly dimensional

(in practice, the number of features corresponding to the number of frames), finding a way to express the

same information in a smaller dimensional space is usually necessary—not only for feasible computational
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Figure 7: Definitions and conceptualization of geometric features. (a) Common geometric features used
in trajectory machine learning methods including asymmetry, anomalous exponent, aspect ratio, elonga-
tion, boundedness, fractal dimension, efficiency, straightness, kurtosis, and MSD ratio; their definitions;
and calculated values of the above geometric features for directed motion, normal diffusion, anomalous
diffusion, confined diffusion, and circular motion. (b) Direction motion, normal diffusion, anomalous
diffusion, confined diffusion, and circular motion trajectories on which the feature calculations in (a)
were calculated.
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times, but to address the “curse of dimensionality”, the reduction in predictive power when the number

of features increases due to poor sampling of the entire feature space [55]. For example, if 102 observations

are adequate to sample a 1-dimensional feature space, then (102)2 or 104 observations are required for a

2-dimensional feature space and (102)30 or 1060 observations are required for a 30-dimensional feature

space. Researchers have found creative ways of addressing this problem, as illustrated below.

0.2.2.1 Fourier transform for feature extraction

Naftel&Khalid demonstrate the importance of feature reductionwhen performingmachine learning on

trajectory datasets [60]. In theory, raw trajectory datasets could be fed directly into a machine learning

model without any feature extraction step; where raw xyz coordinates are directly used as inputs. The

drawback here is three-fold: first, using such a high-dimensional parameter space results in slow conver-

gence times. Training such machine learning models becomes unfeasible very quickly. Second, the curse

of dimensionality: large feature spaces result in sparse training datasets. At minimum, users must pro-

vide p+1 observations per p features (in this case, frames from a trajectory dataset), otherwise there isn’t

a unique solution. Third, including raw xyz information in a machine learning algorithm may not be

desired. Algorithms should be location-blind, so that whether a particle happened to be farther left or

farther right in the original frame of reference doesn’t impact its predicted class.

In thepapers cited in theprevious section, this problemwasusually solvedby anumberof scalar geometric

transformations of the data (Figure 7). However, there is no guarantee that this approach comprehen-

sively captures all aspects necessary to define motion types. As of now, there is very limited literature on

choosing the best feature space for trajectory datasets. Naftel & Khalid highlight one method of solving

this problem by using parametrization techniques. In this case, they suggest using the first four coeffi-

cients of the discrete Fourier transform as inputs to a machine learning model (Figure 8) [60]. Naftel

& Khalid used this method to classify trajectories from three sources: Australian sign language videos,

video surveillance footage from a shopping center, and real-time tracking data of lab members walking

in the laboratory. Trajectories were classified using an unsupervised machine learning approach called a

self-organizing map (SOM). When compared with a K-Nearest Neighbor (KNN) classifier using point-
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Figure 8: Example feature extraction using 1D Fourier transform on 1D trajectory datasets. Feature ex-
traction with (a) sinusoidal curve, (b) sinusoidal curve with 0.5x frequency, (c) sinusoidal curve with 2x
frequency, (d) sinusoidal curvewith 0.5x and 2x frequencies superimposed on each other, and (d) random
walker.

based inputs in the spatial domain, the SOM classifier using DFT inputs from the frequency domain

proved superior, with an overall accuracy 93.7% compared to 83.0% from the KNN. The SOM method

does have the disadvantage of excluding higher frequency information, but can be adjusted by increas-

ing or decreasing the number of Fourier coefficients as appropriate for the given dataset. Implementing

a feature subset selection method, such as LASSO regression, prior to training a neural network could

home in on the frequencies most important in a given dataset. Similar parametrization techniques can be

translated into biological settings to get improved classification accuracy. Alternate approaches include

wavelet transformations [61], adaptive piecewise constant approximations [62], and Chebyshev polyno-

mials [63].
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0.2.2.2 Histogram of oriented displacements and temporal pyramids

Another novel approach of feature extraction from trajectory datasets was demonstrated by Gowayyed

et al., who used the movement of joints to classify human movement into distinct actions [64]. Joint

movements were captured from human subjects using a Kinect sensor. Gowayyed et al. used the Mi-

crosoft Research Action3D action classification system , which consists of twenty types: high arm wave,

horizontal arm wave, hammer, hand catch, forward punch, high throw, draw x, draw tick, draw circle,

hand clap, two hand wave, side-boxing, bend, forward kick, side kick, jogging, tennis swing, tennis serve,

golf swing, pick up, and throw [65]. Each 3D trajectory of each joint was decomposed into three 2D tra-

jectories in the xy, xz, and yz planes. Gowayyed et al. then assembled a set of features called a histogram of

oriented displacements (HOD) by binning each step within the trajectory by its direction angle (Figure

9). The contribution of each step to the histogram is scaled by its length. As a raw HOD loses temporal

information, a temporal pyramid is constructed by dividing the trajectory into a series of equally sized

segments and constructing anHODon each segment. The final feature dataset is a concatenation of each

HOD from each segment. Using linear SVMs for classification, Gowayyed et al. report a classification

accuracy of 91.3% in the test dataset using a 50-50% split, compared to a maximum accuracy of 88.2% ac-

curacy using the state-of-the-art method usingMultiple Kernel Learning [66]. Directionality can be vital

information in joint classification because there is a shared frame of reference among datasets: up is up

and down is down. However, this is not the case inmost biological applicationswhere camera orientation

with respect to the sample is often arbitrary. Most methods of feature extraction used in biomedical ap-

plications examined in section 0.2 ignore directionality because there is no shared frame of reference. This

method of feature extraction using histograms of oriented displacements can potentially be useful where

directionality is important. For example, directionality could be important when tracking chemotaxis or

other orientation-dependent cell migration behaviors or for tracking anisotropic diffusion of nanoparti-

cles in tissues but should be applied with care in other cases. For example, anHOD feature extraction on

trajectories from nanoparticles diffusing in a homogeneous medium would not be appropriate because

there is no shared frame of reference for each trajectory.
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Figure 9: Illustration of histogram of oriented displacements (HOD) and a temporal pyramid feature
extraction scheme. (a) Trajectory of random motion, (b) Trajectory of random motion broken down
into four segments with equal numbers of frames, (c) HODs organized into a temporal pyramid. (Top)
Each unit step in (a) is binned by its direction (Bottom) Each trajectory in (b) is binned by its direction.

0.2.3 Other machine learning techniques from AI fields

The machine learning methods from AI fields have thus far been primarily focused on alternate feature

extraction techniques. In Section 0.2.3, we will look at alternate ways of analyzing trajectory datasets

whose novelty isn’t primarily associated with the feature extraction step. In this section, we will exam-

ine two neural network configurations specifically tailored for time-series datasets (convolutional neural

networks and recurrent neural networks).

0.2.3.1 Recurrent neural networks for time series datasets

One machine learning strategy that is especially suited for motion trajectories and other sequence-based

datasets are recurrent neural networks (RNNs). In contrast to linearly structured neural networks, nodal

connections in RNNs can be fed forward as well as backward giving them memory of previous states

(Figure 10). RNNs have been used on a variety of sequenced data, including handwriting, speech, and
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Figure 10: Comparison of linear neural network with a recurrent neural networks. Whereas the flow of
information in a linear neural network is unidirectional (left), recurrent neural networks have memory
properties due to their use of feedback loops (right).

music recognition. Learning with an RNN involves stepping forward both through layers and through

time. Using this configuration, no form of feature extraction or parameterization must be performed

before prior to feeding inputs into the neural network. However, in most workflows some analog of

subset selection must be performed by subsampling from the overall trajectory to reduce convergence

times. One example of using RNNs with trajectory datasets was demonstrated by Shah & Romijnders

who predicted the success of three-point shots frombasketball trajectories [67]. RNNswere fed 12 frames

worth of XYZ coordinates (about half a second of data) at various distances for the hoop. In all cases

except 2 feet away from the hoop, the RNNmodel outperformed the general linear and gradient-boosted

models, achieving a 0.930 receiver operating characteristic area under cover compared to 0.875 and 0.942

at 2 feet, 0.906 compared to 0.721 and 0.848 at 4 feet, and 0.843 compared to 0.558 and 0.71 at 8 feet.

It is actually surprising that RNNs have not yet found application in biological trajectory datasets, as they

are specifically made to handle time series data. This is likely not only due to novelty of the method. Be-

cause RNNs are computationally expensive, researchers will typically compensate by using only a small

subset of the original raw trajectories e.g. Shah & Romijnders only used 12 frames for classification of
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basketball trajectories. For application to biologically related datasets where diffusion is a primary trans-

port mechanism, users would have to choose whether to sacrifice temporal resolution by sub-sampling

at evenly spaced intervals within trajectories or spatial resolution by selecting a smaller but connected

portion of each trajectory.

0.2.3.2 Convolutional neural networks

Dabiri &Heaslip sought to minimize human interference inherent in feature extraction steps by feeding

trajectories directly into a convolutional neural network (CNN) which can operate directly on trajectory

datasets [68]. Deep learning methods simultaneously operate on multiple levels of complexity, from the

raw data low-level and high-level features. In essence, feature extraction steps are performed by machine

learning algorithms rather than determined by humans. Dabiri&Heaslip useGlobal Positioning System

(GPS) trajectories obtained from the GeoLife project to predict transportation mode (walk, bike, bus,

driving, train).

CNNs take advantage of the spatial information built into consecutive values of the inputs: rather than

connecting eachnode in a layer to all nodes in theprevious layer, CNNsonly connect neurons to a small re-

gion of the previous layer. This also helps prevent overfitting by reducing the number of weights. CNNs

apply a series of stacked learnable filters to the inputs of each layer in the network, conceptually similar

to applying an image processing filter. Each neuron is connected to a small region of the previous layer.

The output is calculated as the dot product of the weights and biases of the filter with the inputs from

the previous layer.

CNNs provide another approach that circumnavigates the problem of feature selection from trajectory

datasets. CNNs have the disadvantage of being computationally expensive. Dabiri &Heaslip report a 25-

minute training time for 62 epochs for a single neural network using a system equippedwith aCore i7 2.50

GHz processor and a 16.0 GBmemory [68]. CNNs also require a lot of care when selecting hyperparam-

eters. However, when trained well with regularization techniques implemented to prevent overfitting,

their accuracy is very competitive with other methods.
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0.2.4 Future directions

Themost urgent applications in the field are awider examination of feature extractionmethods. Thus far

in the biomedical literature, the most common approach is to use some sort of geometry-based approach

butwithno formal guidance in feature selection. Wehave introduced anumberof alternate feature extrac-

tion steps, including Fourier transforms, histogram of oriented displacements, and spatial goals. These

are by nomeans all-encompassing andmay require modification for trajectory datasets that are primarily

diffusion-based.

Second, novel neural network architectures have just barely begun to be used with trajectory datasets in

biological applications. Two types in particular, convolutional neural networks and recurrent neural net-

works, are particularly suited for time series datasets and have yet to be applied to MPT datasets. These

should be benchmarked to existing methods to assess what improvements they offer to traditional ap-

proaches.

Finally, the range of questions that scientists can ask with MPT datasets can be greatly expanded. As

demonstrated in section 0.2, machine learningmethods have been primarily used to classifymotion types

of trajectory datasets. While useful, this question is limited to cases where a model already exists: the

method is essentially reduced to a goodness of fit problem. One reason machine learning methods are

powerful is that they can go beyond existing models to find patterns that may not be immediately ap-

parent to researchers. For instance, there is no model describing how nanoparticle surface functionality

correlates to nanoparticle motion. But a machine learning approach may be able to distinguish nanopar-

ticle surface functionality based on nanoparticle trajectories without an existing model between the two

variables. We have examined some of the unique classification problems being asked in the computer sci-

ence and AI fields, including differentiating between human action types, predicting whether a 3-point

shot is successful, and classifying driving styles. Similarly nuanced questions can be asked of trajectory

datasets of cells, cell receptors, and nanoparticles.

The techniques that have been introduced in section 0.2 show promise in further advancing screen-

ing techniques available to researchers developing nanoparticle therapeutics. By increasing the number
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of questions that can be answered using MPT, researchers can not only use MPT to screen a nanoth-

erapeutic’s transport properties, but they can also potentially assess a variety of factors at the particle-

environment interface.

0.3 Thesis Outline

In Chapter 1 entitled “Colloidal stability as a determinant of nanoparticle behavior in the brain,” we in-

vestigate one key aspect of nanoparticle interactions with biological environments, namely, aggregation

kinetics. Nanoparticle stability is highly media-dependent and can be different as they navigate across

biological barriers. We seek to show how nanoparticle aggregation measured in vitro via dynamic light

scatteringmeasurements can be used to predict behavior in both an in vitro gel model of the brain and an

ex vivo tissue slice model. Investigating the colloidal stability of nanoformulations in in vivo like condi-

tions is one screening tool that can accelerate nanoparticle translation. This demonstrates one aspect of

how nanoparticles can be used to examine biological phenomena over a range of observational scales.

In Chapter 2 entitled “Predicting in situ nanoparticle behavior using multiple particle tracking and ar-

tificial neural networks,” we demonstrate how nanoparticle trajectory datasets collected via fluorescent

microscopy andmultiple particle tracking can be used to distinguish nuanced aspects of the nanoparticle-

microenvironment interaction space using neural networks, including protein adhesion and nanoparticle

cell uptake. This method of analysis highlights the potential of nanoparticles to be used as pre-clinical di-

agnostic probes without the use of complex chemistries.

In Chapter 3 entitled “Design parameters of PEGylated brain-penetrating nanoparticles,” we use similar

analytical methods as outlined in Chapter 2 to explore key design parameters in nanoparticle design in

the context of the brain including surface functionality, PEG chain length, and PEG grafting density.

Trajectory datasets can thus be used in a feed forward configuration in a diagnostic setting and a feedback

configuration to guide nanoparticle design.

In Chapters 4 and 5 we summarize all methods used throughout the paper and summarize additional

work performed tangent to this project.
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1
Colloidal stability as a determinant of

nanoparticle behavior in the brain

1.1 Introduction

When administered systemically, a nanoparticle must remain stable in blood, overcome the BBB, and

then navigate the extracellular space (ECS) to selectively act on or uptake in disease cells. Nanoparticle

stability has been evaluated in serum [69], blood [70–72], and saline [73, 74] as a function of size, surface

charge, and surface functionality. Size and surface coating are also physicochemical factors that have been

explored for nanoparticle uptake across the intact and impaired BBB [49, 75–78], in addition to shape
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and particle rigidity [79, 80]. By crossing the BBB, nanoparticles can provide cell-specific uptake, includ-

ing targeted delivery to lysosomes within neurons [81], and selective targeting of microglia and astrocytes

to suppress inflammation and oxidative stress [78, 82, 83]. However, once across the BBB, nanoparticles

are exposed to a physical and chemical environment that is unique to the brain. Physically, nanoparticle

size is a particularly important parameter for penetration within the brain ECS [4]. Pore sizes within the

brain have been estimated to be anywhere from 30-65 nm [84] to 20 – 225 nm inwidth [49], based on the

methods of probing the ECS. Yet, there is a significant decrease in the ability of a nanoparticle to move

within the brain parenchyma at sizes larger than 100 nm, suggesting an upper limit on nanoparticle size

for effective drug delivery to the brain [49]. Size has also been shown to influence nanoparticle compart-

mentalization in brain cells [85]. Additionally, surface charge and surface functionality, including relative

hydrophobicity, can be predominant factors in determining a particle’s ability to effectively diffuse within

the brain extracellular matrix [49, 86, 87].

Importantly, all prior measurements to assess the impact of physicochemical properties on brain uptake

and penetration within the brain parenchyma assume particles remained stable (no agglomeration or ag-

gregation) not just in blood while circulating, but also in the brain environment. Yet, there is little evi-

dence demonstrating that nanoparticles remain stable in brainmicroenvironment conditions. Therefore,

there is a need to perform characterization of nanoparticle size and stability as a function of ion compo-

sition, concentration, or pH in brain extracellular fluid, all factors in the brain microenvironment. For

example, calcium is a unique factor in the brain due to its presence in free form and varies spatially and

temporally based on local cellular activity [88, 89]. Like calcium, pH levels vary spatially and temporally

in the brain [90]. Changes in pH can alter the protonation state of functional groups on the nanoparti-

cle surface, which can also change nanoparticle stability. Each of these factors could alter a nanoparticle’s

biological identity in the brain ECS, which could influence diffusive capability and cellular uptake of a

therapeutic platform [91].

This study sought to systematically characterize nanoparticle behavior in representative brain microen-

vironment conditions to determine the predictive ability of colloidal stability on diffusive capability.

Poly(ethylene glycol) (PEG)-coated and carboxyl-coated polystyrene (PS-PEG and PS-COOH respec-
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tively) nanoparticles from 60- to 2000 nm were used to evaluate nanoparticle behavior in conditions

present in the brainmicroenvironment. PEG sterically stabilizes nanoparticles, and provides stealth capa-

bilities that reduce the interaction with the surrounding environment [92]. In the context of aggregation

kinetics, the comparison of PS-COOH and PS-PEG particles is useful in demonstrating the differences

between electrocratically and sterically stabilized nanoparticles. Additionally, nanoparticles are normally

characterized at room temperature in low concentration sodium chloride (NaCl) solutions or saline solu-

tions [93], and higher temperatures at physiological conditions could destabilize nanoparticles. Sterically

stabilized nanoparticles can be sensitive to changes in temperature of just 1-2◦C [94]. Therefore, this

study evaluated the aggregation kinetics, colloidal stability, and diffusive capability of nanoparticles with

varying size, surface charge, and surface coating in a range of brain interstitial fluid ion concentrations

and compositions, pH conditions, and temperature.

1.2 Results and Discussion

1.2.1 Nanoparticle characterization

PS-COOH nanoparticles were compared with PS-PEG nanoparticles due to the widespread use of PE-

Gylation as a method to sterically stabilize nanoparticle formulations and shield them from macrophage

uptake in vivo [75]. All physicochemical nanoparticle properties for PS-COOH and PS-PEG nanoparti-

cles used in this study are reported in Table 1.1. As expected, electrophoretic measurements of PS-COOH

nanoparticles gave a ζ-potential of -20 to -70 mV, depending on the size of the nanoparticle. Upon PE-

Gylation of PS nanoparticles, all nanoparticles had an increase in measured hydrodynamic diameter of

~10-20 nm in size (Table 1.1), which is expected given the molecular weight of the PEG chain used (5

kDa) [76]. The decrease in magnitude of ζ-potential for PS-PEG nanoparticles compared to PS-COOH

nanoparticles indicates that conjugation of PEG to the nanoparticle surface was successful.
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Table 1.1: Physicochemical characterization of PS nanoparticles includ-

ing hydrodynamic diameter and ζ-potential in 10mM NaCl at 23◦C.

Datawas collected viaDLS andZetaSizer (n=3). All values are reported

as mean± standard error (SEM).

Particle Size

(nm)

Surface

Coating

Mean

Hydrodynamic

Diameter±

SEM (nm)

Mean

ζ-potential
PDI± SEM

60 COOH 49.0 ± 2.4 -23.3 ± 2.3 0.14 ± 0.0

60 PEG 54.3 ± 2.3 -1.4 ± 0.5 0.20 ± 0.0

100 COOH 110.3 ± 1.6 -68.8 ± 0.8 0.04 ± 0.0

100 PEG 127.2 ± 1.0 -3.1 ± 0.1 0.02 ± 0.0

200 COOH 216.1 ± 2.4 -56.2 ± 2.0 0.01 ± 0.0

200 PEG 237.0 ± 1.5 -7.6 ± 0.4 0.02 ± 0.0

500 COOH 416.1 ± 6.0 -48.5 ± 1.4 0.05 ± 0.0

500 PEG 545.2 ± 3.6 -4.4 ± 0.1 0.05 ± 0.0

1000 COOH 1167 ± 34 -73.8 ± 2.4 0.44 ± 0.3

1000 PEG 1019 ± 22 -3.4 ± 0.2 0.57 ± 0.3

2000 COOH 1091 ± 106 -47.6 ± 2.2 0.51 ± 0.3

2000 PEG 1271 ± 47 -4.2 ± 0.7 0.43 ± 0.4

1.2.2 Nanoparticle stability as a function of calcium andmagnesium con-

centration

100 nm PS-COOH and PS-PEG colloidal stability was evaluated in vitro in solutions of calcium chlo-

ride (CaCl2) and magnesium chloride (MgCl2). In CaCl2 solutions, PS-COOH nanoparticles remained

stable up to 2 mM salt concentration, but form aggregates at concentrations higher than 4 mM (Figure
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1.1A). PS-PEG nanoparticles remained stable in a biologically relevant range of calcium concentrations

spanning 0 to 10mM. Similar behavior for both particle types was found inMgCl2 solutions; PS-COOH

nanoparticles remained stable in solutions up to 4mMMgCl2 and aggregated at concentrations of 5 mM

and higher (Figure 1.1B). PS-PEG particles remained stable inMgCl2 concentrations at least up to 10mM.

Cerebrospinal fluid (CSF) equilibrates with interstitial fluid (ISF), the fluid filling the extracellular space

within the brain, in the ventricles and perivascular spaces within the brain [95]. ISF is a complex fluid

with composition that varies regionally due to metabolic and signaling processes of cells [96], and is dif-

ficult to measure, but can be regarded as similar to that of CSF.Within ISF and CSF, calcium plays a vital

regulatory role, and is a unique factor in the brain due to its presence in free form [88, 89]. Calcium is

a universal messenger among multiple cell types throughout the body and is particularly important in

the brain. Calcium is involved in regulating neurotransmitter synthesis and release, neuronal excitability,

and phosphorylation, as well as long-term processes including memory and neuroplasticity [97]. Cal-

cium is present at 2 mM in CSF under normal neurological conditions, but in the presence of injury or

disease, calcium can become dysregulated, resulting in higher concentrations [98–100]. Calcium dysreg-

ulation is linked to brain aging [101, 102], has been implicated in toxicity in glial cell populations, neu-

rodegeneration, neuroinflammation [103], and can be a factor in multiple diseases including Alzheimer’s

disease, Parkinson’s disease, amyotrophic lateral sclerosis, Huntington’s disease, and spinocerebellar atax-

ias [104]. The therapeutic implications for changes in calcium concentration in the presence of injury is

of particular interest given previous findings that show calcium concentration can be a significant factor

in nanoparticle aggregation [105]. In the context of nanotherapeutics, changes in calcium concentrations

in both the ECS and cell cytoplasm can ultimately affect drug efficacy. Increasing calcium concentrations

reduces the electrostatic double layer (EDL) repulsive energy between particles. Once a critical concen-

tration is reached, nanoparticle aggregation is initiated. The variation between calcium and magnesium

threshold concentrations that cause PS-COOH nanoparticles to aggregate can be explained in terms of

the different hydration behavior of calcium andmagnesium ions. Magnesium ions havemore tightly held

water molecules due in part to their smaller size [106]. Water molecules are less likely to dissociate from

magnesium ions than calcium ions, preventing them from binding to the negatively charged PS-COOH
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Figure 1.1: Physicochemical characterization of 100 nm PS nanoparticles in calcium solutions. (a) Hy-
drodynamic diameters of PS-COOH and PS-PEG nanoparticles in varying concentrations of aqueous
calcium chloride solutions as measured by DLS (n=3). (b) Hydrodynamic diameters of PS-COOH and
PS-PEG nanoparticles in varying concentrations of magnesium chloride solutions as measured by DLS
(n=3). All values are reported as mean ± SEM. Significance as compared with 0 mM condition are indi-
cated by * p < 0.033, ** p < 0.002, *** p < 0.001.

nanoparticles [107]. Both calciumandmagnesium independently impact nanoparticle stability; however,

both are simultaneously present in CSF. To determine the combined effects of these ions at different con-

centrations, additional experiments were performed in 1:1 molar solutions of salts, e.g. magnesium sulfate

and calcium chloride. Nanoparticles in these mixtures exhibited behavior intermediate to the observed

behavior in solutions of the separate component salts (Figure A.2). For example, PS-COOH nanoparti-

cles that formaggregates inmagnesiumchloride concentrations greater than 5mMonly begin to aggregate

in 1:1 magnesium chloride: magnesium sulfate solutions at concentrations greater than 8 mM.

These studies raise additional questions regarding the relevance of particle size as a significant factor in

nanoparticle aggregation, and the role the cation-associated anion associated has on nanoparticle aggrega-

tion. A similar static aggregation study using 60 nm PS-COOH and PS-PEG nanoparticles showed little

difference in behavior from the 100 nm nanoparticles (Figure A.3A). 60 nm PS-COOH and PS-PEG

nanoparticles tested in magnesium sulfate (MgSO4) also showed that, while the PS-COOH nanoparti-

cles begin to aggregate at higher salt concentrations, the same rate of aggregation was not seen when com-

pared with MgCl2 (Figure A.3B). This indicates that the anion also plays a role in determining nanopar-

ticle stability [108], but the result was unexpected as it contradicts predictions made with theHofmeister
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series [109]. In switching from chloride to sulfate, both the identity and the valence of the anion are var-

ied. Polyvalent ions of either sign have a possibility of binding to the nanoparticle surface. Measured

ζ-potentials in 2 mM solutions of MgCl2 and MgSO4 indicate a more negative charge on 100 nm PS-

COOH nanoparticles in MgSO4 (-19.0 ± 0.7 and -21.0 ± 0.5 respectively, p=0.08). The added negative

charge could provide additional electrostatic stability.

1.2.3 Calcium-dependent aggregation of nanoparticles at multiple tem-

peratures and pHs in ACSF

In acidic conditions (pH 5.5) and at room temperature (23◦C), 100 nm PS-COOH nanoparticles experi-

enced aggregation effects at all CaCl2 concentrations in artificial CSF (ACSF) (Figure 1.2A). PS-COOH

nanoparticles had a nominal size of 141.1 nm, which increased to 150.0 nmwhenCaCl2 was increased to 0.5

mM after 10 minutes. This continued to increase in size at a rate of 4.2 ± 0.6 nm/min until 8 mMCaCl2,

when aggregation accelerated to 11.3 ± 1.8 nm/min. In these same conditions, 100 nm PS-PEG nanoparti-

cles saw no significant increase in size (from 0.0 ± 0.2 nm/min to -0.4 ± 0.2 nm/min) and stayed constant

over the entire range of CaCl2 concentrations.

When the temperature was raised to body temperature (37◦C), the aggregation profiles changed. The

baseline size at 0 mM CaCl2 was 20 nm higher (160.6 nm) for 100 nm PS-COOH nanoparticles, but

increased linearly, similar to the 23◦C profile. There was a similar acceleration to aggregation at the 8

mM threshold. 100 nm PS-PEG nanoparticles experienced an overall increase of 20 nm, indicating the

potential onset of aggregation, and could result in large aggregates at long timescales. When temperature

is increased, there are two effects at play that can alter stability: first, thePEGbrush layer contracts; second,

the hydrodynamic radii of the nanoparticles decrease. However, the compressed PEG layers also reduce

the steric hindrance that sterically stabilizes nanoparticles. At high enough calcium concentrations, the

PS-PEG nanoparticles also begin to aggregate.

Increasing the pH to 7.2 led to a change in behavior for both particle types (Figure 1.2B). PS-COOH

nanoparticles experienced significant aggregation at a threshold of 4 mM CaCl2 at 25◦C (280.1 nm com-
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pared to 161.1 nm at 0 mM CaCl2, p>0.001). After 6 mM CaCl2, particles continued to increase in size

overall, but experience downward trends after the initial addition of CaCl2 to the solution. When in-

creased to body temperature, PS-COOHnanoparticles aggregated at a threshold of 2 mMCaCl2, contin-

uing to increase in overall size, but then decrease following CaCl2 addition similar to the 23◦C profiles.

This indicates that larger aggregates >1000 nm are settling out of solution. 100 nmPS-PEGnanoparticles

remained stable at 23◦C, up until 6 mM where aggregation begins to occur. At 37◦C, PS-PEG nanopar-

ticles remained stable until 1 mM CaCl2 with modest increases in sizes until 3 mM CaCl2. Above 3 mM,

PS-PEGnanoparticles began to aggregatemore rapidly, reaching sizes in excess of 1000 nmat 8mMCaCl2
concentrations. In basic conditions (pH 8.5), 100 nm PS-COOH nanoparticles had a very small range of

stable CaCl2 concentrations (Figure 1.2C). At room temperature, PS-COOHnanoparticles remained sta-

ble up until 1 mMCaCl2, but at body temperature, the addition of any CaCl2 initiated aggregation. High

pH causes protons to dissociate from carboxyl groups on the PS-COOHnanoparticles, generating a neg-

ative charge on the particle surface. The presence of divalent cations induces bridging effects between the

PS-COOHnanoparticles, which is accelerated at higher CaCl2 concentrations. 100 nmPS-PEGnanopar-

ticles are stable over a wider range of CaCl2 concentrations than PS-COOHnanoparticles in basic condi-

tions, and aggregate sizes are four-fold times smaller: PS-COOHnanoparticles reach ~4000 nm at 10mM

CaCl2, while PS-PEG nanoparticles reach ~1000 nm in similar conditions. The aggregation of PS-PEG

nanoparticles is also likely due to bridging effects in the presence of calcium. The more negative charges

of PS-PEG nanoparticles brought about by basic conditions can interact with calcium ions, and initiate

aggregation events.

There was a demonstrated difference in colloidal stability of 100 nm PS-COOH and PS-PEG nanopar-

ticles in ACSF at 2 mM CaCl2 and pH 7.2. PS-PEG nanoparticles experienced little to no aggregation,

while PS-COOH nanoparticles had a steep aggregation profile. This has important implications. First,

the observed difference in diffusive ability in living brain tissue in previously published studies using PS-

PEG and PS-COOH nanoparticles [49] could be in part due to the differences in nanoparticle colloidal

stability. This study has shown that PS-COOH nanoparticles are colloidally unstable in ACSF at condi-

tions similar to those in the brain, and small perturbations can worsen aggregation effects. Second, this
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Figure 1.2: Aggregation in ACSF as a function of calcium chloride concentration. Aggregation profiles of
100 nm PS-COOH and PS-PEG nanoparticles at 25◦C and 37◦C in ACSF pH (a) 5.5, (b) 7.2, and (c) 8.5
at increasing calcium chloride concentrations from 0 mM to 10 mM (n=1).
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Figure 1.3: Aggregation in ACSF as a function of pH. Aggregation profiles of 100 nm PS-COOH and
PS-PEG nanoparticles at 25◦C and 4 mM calcium chloride in ACSF (a) at increasingly acidic conditions
from pH 7.2 to pH 3.0 (n=1) and (b) at increasingly basic conditions from pH 7.2 to pH 11.0 (n=1).

study has demonstrated the importance of accounting for temperature when characterizing nanoparti-

cles in vitro. PS-COOHnanoparticles aggregated in 2 mMCaCl2 ACSF at body temperature (37◦C), but

did not experience significant aggregation at room temperature (137.1 nm compared to 135.7 nm at 0 mM

CaCl2, p=0.31). PS-PEG nanoparticles also became destabilized at higher temperatures, but to a lesser

extent. Temperature can affect nanoparticle stability by changing dissociation rates for electrostatically

stabilized colloids and by structural changes for sterically stabilized colloids [110], and therefore should

be accounted for when performing in vitro characterization of nanoparticles for in vivo applications.

1.2.4 pH-dependent aggregation of nanoparticles in ACSF

To explore the effect of pH on nanoparticle aggregation, pHwas adjusted by 0.5 pH units every tenmin-

utes. In increasingly acidic conditions in ACSF, 100 nm PS-COOH nanoparticles remained stable up to

pH 6.5, where aggregation began (Figure 1.3A). Particle sizes plateaued at 2000 nm at pH 5.0 and did

not increase further with more acidic pH conditions. 100 nm PS-PEG nanoparticles remained stable at

all acidic pH conditions in ACSF. In increasing basic conditions, PS-COOH nanoparticles began aggre-

gating at pH 7.5 and continued to increase in size beyond a hydrodynamic diameter of 10 μm (Figure

1.3B). PS-PEG nanoparticles began to aggregate at pH 8.0, reaching maximum sizes of 6 μm at pH 11.

PS-COOH nanoparticles had a narrow range of stability in ACSF (7.0-7.5), while PS-PEG nanoparticles

had a much wider range, especially in acidic conditions (3.0-8.0). PEGylated nanoparticles are stabilized
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through a steric mechanism, while the PS-COOH nanoparticles are electrocratically stabilized and are

more sensitive to changes in the ionic environment. In the presence of divalent cations and a relatively

high ionic strength (~160 mM compared to 10 mM in standard characterization techniques), the magni-

tude of the ζ-potential of PS-COOH nanoparticles is small compared to characterization measurements

in 10 mM NaCl (Figure A.5). With little electrostatic repulsion present, PS-COOH nanoparticles are

unstable in ACSF and can aggregate readily in response to small fluctuations in pH and divalent cation

concentration. In basic conditions, the surface charge of PS-COOH nanoparticles become more nega-

tive as the carboxyl groups become deprotonated. This leads to an increase in bridging effects due to the

presence of calcium, resulting in high instability in basic conditions. As pH becomes more acidic, the

surface charge becomes less negative, eventually passing the point of zero charge (~pH 6.5) and triggering

the onset of aggregation [111]. However, particle size does not continue to increase as pH becomes more

acidic, as the low pH results in positively charged particles and the restoration of electrostatic repulsion.

Although sterically stabilized, PS-PEG nanoparticles can still be susceptible to aggregation effects as a

function of pH. As pH becomes more basic, PS-PEG nanoparticles do begin to aggregate at ~pH 8. This

could be due to interactions with calcium ions at unreacted carboxyl sites on the nanoparticle surface.

The PS-PEG nanoparticles have a slight negative charge in pH 7 ACSF and are more negative as pH be-

comes more basic (Figure A.5). At more basic pH, these interactions are strong enough to cause bridging

between calcium ions and PS-PEG nanoparticles. As pH shifts towards more acidic, PS-PEG nanoparti-

cles do not aggregate, even as ζ-potentials become near-neutral, indicating that the steric stability lent by

the PEG layer prevents any aggregation events from occurring.

1.2.5 Impact of calcium concentration on nanoparticle diffusion in gel

model

To assess the impact of colloidal stability on nanoparticle diffusion, 100 nm PS-COOH and PS-PEG

nanoparticles were tracked using high-speed multi-particle tracking (MPT) [49, 112] in an agarose gel, a

representative geometric model of the brain microenvironment [113]. Diffusion coefficients for both 100
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nm PS-COOH and PS-PEG nanoparticles depend on calcium concentration in the gel (Figure 1.4A, B).

Representative frames fromMPTvideos are in FigureA.6. Diffusion coefficients of PS-COOHnanopar-

ticles decrease as calcium concentration is increased (Figure 1.4C). At calcium concentrations exceeding

5 mM, PS-COOH nanoparticles become immobilized. As shown previously in Figure 2, 100 nm PS-

COOHnanoparticles begin aggregating at calcium concentrations of 2mM. Thus, the immobility in gels

is likely due to both bridging effects between nanoparticles resulting in aggregation and bridging effects

with agarose molecules resulting in tethering. At 10mM calcium chloride, 100 nm PS-COOH nanopar-

ticles are immobilized even further (diffusion coefficient 95%CI: 1.69 x 10−3-1.71 x 10−3 μm2/s).

PS-PEG nanoparticles also exhibit changes in diffusive behavior as calcium concentration is modified.

In general, 100 nm PS-PEG diffusion coefficients decrease as calcium concentration is increased (Figure

1.4C). However, in all cases, the particles remain mobile, with diffusion coefficients of similar magnitude

across the entire range of calcium concentration tested. As shown in Figure 1.2, the steric stability of PS-

PEG nanoparticles improves their aggregation profiles in ACSF, but the particles do begin to aggregate at

calcium concentrations higher than 2mM inACSF at pH7.2 and 37◦C.This reduction in aggregation can

allow PS-PEG nanoparticles to retain their diffusive ability over a wider range of calcium concentrations

than PS-COOH nanoparticles. Both size exclusion due to large particle aggregates and deposition in the

gel could contribute to the reduced diffusive behavior of 100 nm PS-COOH NPs. To verify the impact

of size exclusion on observed diffusion coefficients, and decouple the effects of size exclusion and altered

nanoparticle-agarose interactions due to increased calcium levels, we performed multi-particle tracking

experiments of variousmixtures of PS-COOHandPS-PEGnanoparticles inACSFwithout calcium chlo-

ride (non-aggregating conditions) tomimic aggregating nanoparticle at various stages of aggregation. We

used an equalweight percentmixture of 100, 200, 500, 1000, and 2000nmnanoparticles to represent early

stage aggregation; an equal number percentmixture of 100, 200, 500, 1000, and 2000 nmnanoparticles to

represent a later stage of aggregation; and 2000 nm nanoparticles to represent a long-term stage of aggre-

gation. Thephysicochemical properties of the constituent particles are shown inTable 1.1. Larger particles

will have reducedMSDsdue solely to reducedBrownianmotion as predicted by Stokes-Einstein, but pore

size restrictions will prevent large particles from diffusing at all. This effect can be observed in Figure 1.5.
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Figure 1.4: Diffusion data in agarose gels in ACSF as a function of calcium concentration. Precision-
weighted MSD profiles as a function of time lag (τ) for (a) PS-COOH nanoparticles and (b) PS-PEG
nanoparticles in 0.4% in ACSF agarose gels at increasing calcium chloride concentrations (0, 3, 5, and
10 mM). Data represent the precision-weighted geometric averages over videos per well (n=5) and wells
per condition (n=4). Error bars at τ = 0.1, 0.5, and 1s represent 95% CIs. (c) Diffusion coefficients of
PS-COOH and PS-PEG nanoparticles in agarose gels calculated at 1 s calculated as <MSD> = 4Dτ
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Figure 1.5: MSDprofiles of PS-COOHand PS-PEGnanoparticle samples of varying average particle sizes
tomimic nanoparticles in various stages of aggregation. This includes (a) equalmass fractions of 100, 200,
500, 1000, and 2000 nm PS-COOH (purple) or PS-PEG NPs (blue) in ACSF without calcium chloride,
(b) equal particle concentrations of 100, 200, 500, 1000, and 2000 nm PS-COOH or PS-PEG NPs in
ACSF without calcium chloride, and (c) 2000nm PS-COOH or PS-PEG NPs in ACSF without calcium
chloride. Data represent the precision-weighted geometric MSD averages over videos per well (n=5) and
wells per condition (n=4). Error bars at τ = 0.1, 0.5, and 1s represent 95% CIs. MSD values of 100 nm
PS-COOH NPs (grey) in similar conditions is provided as a reference in all plots.
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The equal-weight particle mixture is unhindered when compared with the 100 nm PS-COOH NPs in

similar conditions (Figure 1.5A, diffusion coefficient 95%CI 4.799 x 10−1-4.803 x 10−1 μm2/s compared

to 3.555 x 10−1-3.557 x 10−1 μm2/s). The small number of larger particles mimicking early-stage aggregates

do not affect the average behavior. The equal-number particle mixture has reduced diffusive behavior,

due to a higher concentration of immobilized particles (Figure 1.5B, diffusion coefficient 95%CI: 1.389

x 10−2-1.394 x 10−2 μm2/s). It is only in the 2000 nm case the MSD profile essentially flatlines (Figure

1.5C, diffusion coefficient 95%CI: 1.550 x 10−3-1.555 x 10−3 μm2/s). Particle sizes smaller than the average

pore size are a necessary but not sufficient condition for effective diffusive ability in porous media. For

both PS-COOH and PS-PEG nanoparticles, the diffusive behavior decreases as the average particle size

increases. In all cases, PS-COOH and PS-PEG profiles are similar (with more discrepancy in the equal

number case) with PS-PEG profiles being less than the PS-COOH profiles (2000 nm PS-PEG diffusion

coefficient 95%CI: 9.11 x 10−4-9.15 x 10−4 μm2/s). This can be partly attributed to the reduced diffusion

coefficients predicted by Stokes-Einstein due to the larger size of the PS-PEG NPs.

While polydisperse samples can be introduced into the gel model, it is more difficult to systematically

probe the effect of polydispersity. Ideally, one would have a set of nanoparticles with similar average

particle sizes and varying polydispersity. We do not provide a systematic evaluation of polydispersity

here. It is known that particles of different sizes have different deposition rates and filtration coefficients

in porous media as demonstrated in an analytical model by Yang et al. [114]. Yoon et al. examined the

effect of polydispersity on particle transport properties experimentally using a polydisperse sample of 1-

25 μm fluorescent particles in a medium of monosize 4 mm glass beads [115]. They demonstrate that

for polydisperse samples, transport properties vary with depth in the porous medium due to filtration

of larger particles near the inlet. As our particles were pre-mixed prior to gelation, there should be no

variation of diffusive properties as a function of depth.

An additional level of complexity introduced into a model of aggregating particles in porous media is

the effect of time dependence. Both average size and polydispersity are changing with time, as shown in

Figure 1.2. If the time scale of aggregation and the time scale of measurement are similar, this could make

any resulting diffusion data unreliable. In order to evaluate the impact of absolute time on the collected
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Figure 1.6: Time dependence of diffusion in agarose gels. MSD profiles of 100 nm (a) PS-COOH and (b)
PS-PEGNPs in 0.4% agarose gels constitutedwithACSF 5mMcalcium chloride (aggregating conditions)
at 0 (purple), 1 (blue), 4 (teal), or 24 h (lime) after gelation. Data represent the precision-weighted geo-
metric MSD averages over videos per well (n=5) and wells per condition (n=4). Error bars at τ = 0.1, 0.5,
and 1s represent 95%CIs. MSD values of 100 nmPS-COOHNPs (grey) in similar conditions is provided
as a reference in all plots.

MSD data, we collected videos in gels of aggregating 100 nm PS-COOH and PS-PEG nanoparticles at 0,

1, 4, and 24 hours after the gels had set. The results are shown in Figure 1.6. The measured diffusion co-

efficients of the PS-COOHnanoparticles decrease over time (diffusion coefficient CIs: 3.788 x 10−1-3.789

x 10−1, 2.978 x 10−1-2.979 x 10−1, 2.036 x 10−1-2.037 x 10−1, 4.169 x 10−2-4.172 x 10−2 μm2/s at 0, 1, 4, and

24 hours). This can be attributed to the greater proportion of large aggregates at later timepoints. The

PS-PEG diffusion coefficients are more stable over time (diffusion coefficient CIs: 5.269 x 10−1-5.270 x

10−1, 4.113 x 10−1-4.113 x 10−1, 3.850 x 10−1-3.851 x 10−1, 3.856 x 10−1-3.857 x 10−1 μm2/s at 0, 1, 4, and 24

hours), which can also be attributed to their shallower aggregation profiles as shown in Figure 1.2. In or-

der to minimize the effect of absolute time as a factor in our gel model, we collected all data in gels after

a 24 hour gelation period. This ensures that the gel is fully set and that aggregation is not present during

video collection. In order to determine whether a nanoparticle’s diffusive ability could be predicted by

its aggregation behavior in an in vitro environment, the nanoparticle diffusion coefficients were plotted

against the hydrodynamic diameters asmeasured byDLS inACSF as a function of calcium concentration

(Figure 1.7). There is a precipitous drop in diffusive ability in agarose gels when particle aggregates reach

sizes between 1200 and 1600 nm. When nanoparticle sizes are less than 1200 nm, the diffusion coefficients



43

Figure 1.7: Diffusion coefficients of PS-COOH and PS-PEG nanoparticles in 0.4% agarose gels consti-
tuted with ACSF with 0/3/5/10 mM calcium chloride as a function of hydrodynamic diameter measured
in ACSF with similar calcium concentrations. Error bars represent SEM.

in gels are of the same magnitude independent of the mechanism of stabilization (steric vs electrostatic).

However, nanoparticle diffusive behavior cannot entirely be explained by aggregation state. Even with

similar hydrodynamic diameters (150-160 nm), PS-COOH nanoparticles have roughly half the diffusion

coefficient of PS-PEG nanoparticles. Instead, the division of nanoparticle behavior into two diffusive

regimes demonstrates that the diffusive ability on nanoparticles in a gel model of the brain can be pre-

dicted based on its hydrodynamic diameter asmeasured byDLS.This could potentially be translated into

a screening tool before nanoparticles are used in ex vivo and in vivo experiments. Interestingly, PS-COOH

nanoparticles retained their diffusive behavior in up to 3 mM CaCl2 in ACSF in agarose gels. PS-COOH

retention of diffusive ability did not seem to coincide with the observed aggregate size of >1000 nm in

ACSF at the same conditions. These results are indicative of potential limitations of the agarose gelmodel.

A gel model of the brain should account for bothmacro- andmicro-scale rheology, with a distribution of

effective pore spacingwithin the gel that are representative of the distribution of extracellular spaces in the

brain parenchyma. Pore sizes in agarose gels scale with agarose concentration according to the power law

a ∼ Cγ [116]. Using the model proposed by Pernodet et al. and confirmed via atomic force microscopy

measurements, this estimates a pore size of approximately 1000 nm for 0.4%agarose gels. Other experi-

ments using positive pressure infusion have estimated pore sizes in low-concentration agarose gels to be
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between 10-100 nm [113], on which the present experiments were based. The presence of larger pores on

the order of ~1000 nm could explain why even in the presence of aggregation, PS-COOH nanoparticles

are able to diffuse in agarose gels, whereas in living brain diffusion, PS-COOH nanoparticle diffusion is

limited [49].

1.2.6 Impact of calcium concentration on nanoparticle diffusion in a

brain tissue model

In order to test whether aggregate size as measured via DLS in ACSF can be used to predict diffusive

behavior in the brain, we also performed diffusion experiments in an organotypic slicemodel of the brain

in P14 Sprague-Dawley rats. Two particle types (PS-COOHand PS-PEG) and four base particle sizes (60,

100, 200, and 1000 nm) were used. Results are shown in Figure 1.8. PS-COOH MSD profiles decreased

as a function of base particle size (diffusion coefficient CIs 2.960 x 10−2-2.962 x 10−2, 1.656 x 10−2-1.662 x

10−2, 1.274 x 10−2-1.280 x 10−2, 7.36 x 10−4-8.80 x 10−4 μm2/s for 60, 100, 200, and 1000 nmnanoparticles,

respectively). PS-PEG MSD profiles similarly decreased with increasing size (diffusion coefficient CIs

1.2952-1.2954, 2.078 x 10−1-2.081 x 10−1, 1.0596 x 10−1-1.0602 x 10−1, 1.45 x 10−2-1.51 x 10−2 μm2/s for 60, 100,

200, and 1000 nm nanoparticles, respectively). In all cases, PS-PEG nanoparticles had higher diffusion

coefficients than their size-equivalent PS-COOH counterparts.

Similar to the results in the gel model, it is difficult to parse out all the contributors to the reduced diffu-

sion coefficients of PS-COOHnanoparticles when compared with PS-PEG nanoparticles. Both particle-

particle interactions (resulting in aggregation) and particle-microenvironment interactions (resulting in

deposition) bothplay a role. In order to determine if differences in diffusive behavior canbe accounted for

by altered aggregation stateswhenparticles are administered to tissue, while ignoringmanyof the particle-

environment factors, we plotted the hydrodynamic diameters of PS-COOH and PS-PEG nanoparticles

as measured in ACSF (Table A.1) against the measured diffusion coefficients at 1s (Figure 1.9). PS-COOH

nanoparticles have increased size in ACSF, indicative of aggregation, as shown in previous data in this

paper. There is a linear relationship between the log diffusion coefficient measured in tissue and the log
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Figure 1.8: MSD profiles in cortex. Data collected using 60 (purple), 100 (blue), 200 (teal), and 1000
nm (lime) (a) PS-COOH and (b) PS-PEGNPs in the cortex region of 300μm-thick brain slices from P14
Sprague-Dawley rats. Data represent the precision-weighted geometric MSD averages over number of
videos per slice (n=5) and number of slices per condition (n=3). Error bars at τ = 0.1, 0.5, and 1s represent
95% CIs. MSD values of 100 nm PS-COOH NPs (grey) in agarose gel is provided as a reference in all
plots.

hydrodynamic diameter measured in ACSF (R2 = 0.85). This suggests that themagnitude of the diffusive

ability of nanoparticle formulation canbepredictedwithDLSmeasurements, particularly for aggregating

nanoparticles. We noted that the thresholding phenomenon observed in the gelmodel was not replicated

in the organotypic brain tissue model. Particles in tissue exhibit a more gradual decrease in diffusion co-

efficients as a function of hydrodynamic diameter when compared to the gel model. However, the same

general decreasing trend in diffusion with increasing nanoparticle size is observed. Also, if we apply the

threshold value suggested from the gel model (1600 nm), all particles that had hydrodynamic diameters

below the indicated threshold had diffusion coefficients greater than 1.0 x 10−2 μm2/s. Themethods used

in this paper include both in vitro and ex vivo techniques, which allows for fine-tuned control of param-

eters of interest and inclusion of complex biological environments. However, this approach does not

account for other factors present in the brainmicroenvironment, including spatial and temporal changes

brought about by normal function (e.g. respiration, sleep), ongoing injury, or development, the presence

of proteins in the ECS, and regional differences in brain structure and function. Each of these additional

functionalities can be incorporated into gels as advancements in biomaterials continues to grow [117–121].

Future studies can examine the competing kinetics of nanoparticle transport with aggregation effects. In

the brain microenvironment, aggregation occurs simultaneously with particle transport through the tis-



46

Figure 1.9: Diffusion coefficients of 60, 100, 200, and 1000 nm PS-COOH and PS-PEG NPs as mea-
sured in the cortex region of 300μm-thick brain slices from P14 Sprague-Dawley rats as a function of the
hydrodynamic diameter measured in ACSF at 37◦C. The data includes a linear fit (solid line) on the log
transform of both the diffusion coefficients and the hydrodynamic diameters. Error bars represent 95%
confidence intervals (dashed lines) of the linear fit.

sue. A theoretical model of nanoparticle diffusion in porous media with simultaneous aggregation could

explore the effects of pore size, nanoparticle size, and rate of aggregation on nanoparticle diffusion. Pre-

vious studies have examined the effect of aggregate size on cellular uptake and toxicity [122], but little is

known about how aggregation effects change as nanoparticles partition or permeate across a boundary

and through a tissue environment. Future ex vivo and in vivo experiments could look at the effect of

cellular uptake, intracellular and intra-organelle aggregation.

1.3 Conclusion

Characterization of nanoparticles in standardmedia, as well as in biological milieu at physiologically rele-

vant conditions, can reduce the number of ex vivo and in vivo tests that are necessary to evaluate nanopar-

ticle behavior in vivo. Importantly, systematic characterization of colloidal stability can be extended to

pathological conditions, which can have implications for nanoparticle behavior in diseased states. For
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example, it is known that calcium regulation in the brain ECS is altered in neuroinflammation, neurode-

generation [103], and brain aging [97], all of which could affect nanoparticle aggregation kinetics. In ad-

dition, nanoparticles have also been used for intracellular targeting, including mitochondria, lysosomes,

and the nucleus [123]. Factors such as calcium and pH are highly variable in these intracellular compart-

ments due to cellular control mechanisms [124, 125], indicating that stability should be assessed based on

the relevant target conditions for the nanoparticle. Colloidal stability of nanoparticle formulations in

physiologically relevant media can significantly affect the diffusive behavior of nanoparticles in the brain

microenvironment, and by extension, delivery of therapeutic payloads to targets of interest in the brain.

In this section, we have demonstrated one example of how fundamental knowledge of nanoparticle-

environment interactions (in this case, colloidal stability) can be used to guide the rational design of

nanotherapeutics. Researchers do not need to carry out full-scale animal studies to determine that the

colloidal instability of a potential nanotherapeutic platform will hinder its performance. Such funda-

mental knowledge can be used to develop better models of nanoparticle-microenvironment models as

well as to build batteries of screening tests for nanoparticle platforms.
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2
Predicting in situ nanoparticle behavior using

multiple particle tracking and artificial neural

networks

2.1 Introduction

Nanotherapeutics have shown promise in their ability to enhance the efficacy of small molecule drugs

and biologics in vivo, either through improved targeting, reduced toxicity, or enhanced stability [126].

Since the FDA approval of liposomal doxorubicin in 1995 as a nanotherapeutic, 50 new nanoparticle-
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based drugs have entered the market, as of 2016 [127]. Yet an unrealized promise of nanotherapeutics is

the ability to decouple transport properties from their therapeutic effect. A better understanding of this

relationshipwould allow researchers tomake precision changes to nanotherapeutic characteristics to tune

delivery and provide themost efficacious formulation for the target diseasewithout needing to change the

therapeutic agent. In order to achieve successful delivery, a nanoparticle formulation must be optimized

to achieve localized delivery, evade immune detection, cross biological barriers, and minimize off-target

effects [4]. Many studies have investigated nanoparticle transport methods using empirical approaches

to measure nanoparticle transport properties in in vitro, in vivo and ex vivo models [11, 49, 128], while

others have developed theoretical and computational models examining local phenomena and systems-

wide behavior [129, 130]. A fourth paradigm thatwe seek to implement here is the use ofmachine learning

methods on large (104-106 trajectories) experimental datasets of nanoparticle transport properties in in

vitro and ex vivomodels to build predictive models of nanoparticle behavior.

Multiple particle tracking (MPT) is a characterization technique used inmany biological domains. MPT

relies upon tracking the microscopic motion of hundreds to thousands of individual particles simulta-

neously in real-time using video microscopy. Investigators can use the resulting nanoparticle trajectory

datasets to obtain mean-squared displacements profiles and diffusion coefficients (Deff) as well as geo-

metric features such as trajectory boundedness and asymmetry. MPT is responsible for a number of

discoveries, including the mechanical properties of living cells [131], size selectivity of mucosal layers [132,

133], and extracellular pore size of various tissues [48, 49]. Collectively, these findings give insights into

design principles that result in optimal delivery to target sites. However, these datasets mostly take the

formof heuristics rather than empirical and theoreticalmodels that can be optimizedwith computational

approaches. This leaves a large unexplored design space and opportunity for more comprehensive and

adaptive models of nanoparticle property-environment interaction systems.

The use of trajectory datasets from MPT has primarily been limited to calculating ensemble-level Deff

and MSD profiles. As MPT datasets can be quite large (102-105 trajectories per experiment), they are a

clear candidate for the incorporation of data science methods to investigate trends andmake predictions.

In this paper, we use neural networks (NNs) to predict both nanoparticle properties and properties of
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the surrounding microenvironment from input nanoparticle trajectory datasets. From experimentally

generated nanoparticle trajectories, we demonstrate the ability to predict nanoparticle size, whether or

not a nanoparticle has been internalized by a cell, and whether or not a particle was pre-incubated with

serumprior to use. This is non-trivial, due to the heterogeneity of nanoparticle behavior and the interact-

ing effects of nanoparticle properties and the microenvironment on nanoparticle transport. Further, we

introduce a collection of MPT and downstream analysis tools in a Python-based diff_classifier package

for high-throughput analysis of nanoparticle diffusion datasets.

2.2 Results and Discussion

2.2.1 Neural network predictors of nanoparticle size using MPT datasets

First, we sought to examinewhethermachine learning techniques can be used to distinguish nanoparticle

properties from MPT trajectory datasets. We selected nanoparticle size, a nanoparticle property which

can directly correlate to diffusive behavior with theory. We performed diffusion experiments in 0.4%

agarose gels using three different diameters of PS-COOH nanoparticles: 100, 200, and 500nm (Figure

2.1a). Hydrodynamic size distributions of each particle type were obtained via DLS and are shown in

Figure 2.1b. An initial comparison of geometric ensemble averaged mean squared displacement (MSD)

profiles is shown in Figure 2.1c. For spherical particles diffusing in a free media, particle radius r is related

to diffusion coefficientD by Stokes-Einstein:

D =
kBT
6πηr

where kB is Boltzmann’s constant,T is the absolute temperature, and η is the dynamic viscosity. In porous

media such as agarose, the diffusion coefficient is referred to as an effective diffusion coefficient, Deff,

and takes into account the gel’s tortuosity λ, a parameter describing the hindrance a particle experiences

relative to diffusion in free media [134]:
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Figure 2.1: Size-dependent nanoparticle diffusion analysis. (a) 100-, 200-, and 500-nm carboxyl-modified
polystyrene particles. (b) Hydrodynamic diameter (intensity mean) distributions (purple: 100nm, teal:
200nm, yellow-green: 500nm)measured in 10mMNaCl (n=3measurements). (c) <MSD>profiles of PS-
COOH nanoparticles of varying size. (d) Log Deff distributions stratified by particle size and binned by
predicted particle size using the Stokes-Einstein based predictor with anomalous diffusion exponent. (e)
Average component profile of PCA analysis stratified by particle size. (f) Principle component distribu-
tions of PCA analysis stratified by particle size. (g) The first three primary components of 400 randomly
selected trajectories per size plotted against each other.
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Deff =
D
λ2

For the purposes of our predictor, we initially assumed a tortuosity value of 1 (Deff = D), due to the low

concentration of agarose used in our studies. As expected from Stokes-Einstein, the particles’ diffusive

ability decreased with increasing particle size. The populations were distinct enough that particle size

could be predicted with some accuracy without any additional information, using Deff only. By using

Stokes-Einstein to calculate particle size based onDeff at a time lag of 100ms and binning trajectories into

three groups (<150, 150-350, and>350nm), we built a predictor that achieved an average recall score (a non-

binary version of the sensitivity, the ability of the classifier to find all positive samples) of 0.636 (Table 2.1).

In the case of larger particle sizes (200nm and 500nm), the predictor overestimated Deff. This resulted

in higher recall values for 500nm nanoparticles (0.888) at the expense of lower recall values for 200nm

nanoparticles (0.278).

In order to improve the performance of the predictor, we altered our analysis in two ways: first, the

way the dataset was split into training and test populations was changed. Second, the assumption of no

tortuosity (λ = 1) was re-examined. When selecting a training-test split, we chose to split the test dataset

spatially based on the coordinates of the input trajectories in a checkerboard pattern rather than a random

train-test split for two reasons: first, later predictors rely on locally averaged features. Using random train-

test splits would cause contamination of the training dataset with information from the test dataset due

to the use of local feature averages as inputs. Second, the spatial train-test split reflects more accurately

sample-to-sample variability. Due to inherent batch-to-batch variability in gel samples (14), the predictor

can be over-trained if not enough independent samples are included in the training dataset. While each

square region isn’t an independent sample, there are regional differences that are better accounted for by a

spatial split rather than a random split. For amore accurate estimate of tortuosity, we selectedλ values for

the predictor by minimizing the difference betweenmedian logDeff in each particle strata in the training

dataset and the log Deff predicted by Stokes-Einstein. This resulted in a λ value of 1.33 and a predictor

that achieved an average recall score of 0.703 in the test dataset, with recall scores of 0.457 for 200nm

nanoparticles and 0.744 for 500nm nanoparticles (Table 2.1). By accounting for tortuosity, the Stokes-
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Einstein predictor improved overall predictive power by increasing the number of correctly identified

100nm and 200nm nanoparticles (22% and 64% increase, respectively) at the expense of mislabeling a

small percentage of 500nm nanoparticles (16% decrease).

The Stokes-Einstein based predictor was further improved by calculating Deff based on local averages

over 9μm x 9μm windows rather than Deff of individual trajectories. Each video was split spatially into

256 9μm x 9μm regions and the average features in each region were calculated. Each trajectory was then

characterized by a locally averaged Deff within its corresponding region. This minimized some of the

noise inherent in MPT datasets. Using the updated local averaging/anomalous diffusion configuration,

we performed a regional training-test split like the one performed previously and found a λ value of 1.26

for the training dataset. The new predictor achieved an average recall score of 0.829 in the test dataset

(Table 2.1). While this exceeds the performance of a random guess (recall score of 0.333), such accurate

results would not carry over to experiments with a wider range of particle sizes. For example, samples

with intermediate particles sizes (such as the 200nm particles with a recall score of 0.726) are difficult

to distinguish due to high variances inDeff distributions. Additionally, the ability to resolve trajectories

will also be limited at the large nanoparticle limit as the distance travelled by the nanoparticle approaches

the image resolution (0.07 μm/pixel for all videos in this paper). We aimed to improve performance by

accounting for factors other than the rawDeff and incorporating a machine learning model.

Table 2.1: Classifier metrics using nanoparticle trajectories to predict particle size in

agarose gels

Stokes-Einstein

Stokes-Einstein (anomalous) Neural Network

Sample Size Stokes-Einstein (anomalous) (local avg) (local avg)

Training Test Overall Training Test Training Test Training Test

100 nm 49041 48854 0.743 0.908 0.908 1.000 1.000 1.000 1.000

200 nm 29231 27878 0.278 0.448 0.457 0.715 0.726 0.914 0.856

500 nm 28493 26459 0.888 0.721 0.744 0.723 0.762 0.931 0.852

Avg/Tot 106765 103191 0.636 0.692 0.703 0.813 0.829 0.999 0.902
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In addition to generating profiles and rawDeff distributions, 17 distinct features were calculated for each

individual trajectory (Table B.1). A principle component analysis (PCA) was then run on the composite

dataset of individual features and locally averaged features. The sampling adequacy was verified via the

Kaiser-Meyer-Olkin (KMO) criterion (KMO = 0.919). PCA yielded 11 primary components to achieve

81.3% explained variance. Average component scores and component distributions from the PCA are

shown in Figure 1e-f. Using the first three components, each particle type forms distinct clusters (Figure

1g). There is very little overlap between the three populations, with a distinct boundary between the

100nm population and the 200 and 500nm populations.

Using all 51 components as inputs (17 individual trajectory features and 34 locally averaged features), we

built a NN classifier using the checkerboard train-test split described above. The NN classifier was able

to predict particle size with a 0.902 average recall score in the test dataset, with recall scores of 1.000, 0.856

and 0.852 for the 100nm, 200nm and 500nm nanoparticles, respectively (Table 2.1). By implementing

a NN using trajectory feature datasets, we were able to achieve high predictive ability in determining

nanoparticle size.

The ability to resolve particle sizes at themicron level in an in vitromodel of the brainmicroenvironment

demonstrates one aspect of the utility of nanoparticles as probes. We were able to directly compare NN

performance with expected results from theory. Similar NN predictors could be used to predict particle

size of polydisperse samples in complex media environments. For example, users could track changes in

particle size distributions during an aggregation event. NN predictors could prove useful in cases where

size measurements are required, but nanoparticle samples cannot be extracted for measurement by stan-

dard techniques, such as dynamic light scattering. Additionally, size could be quantified in environments

not suitable for size measurements, such as gels or ex vivo tissue slices, as demonstrated in this study.
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2.2.2Neural network predictors of nanoparticle surface functionality and

protein corona in an in vitro agarose gel model

Next, we wanted to predict a more nuanced nanoparticle property using MPT datasets. It is known

that in biological environments, the properties of the nanoparticle surface affect its ability to diffuse [48,

49, 135]. However, to our knowledge, there are no theoretical or empirical models relating the diffusive

properties of a nanoparticle to its surface functionality or material properties. As surface properties are

a more multi-dimensional feature space (e.g. surface charge, hydrophobicity, ligand density) and often-

times depend on the surrounding environment, it is difficult to create a model accounting for all possible

permutations [4]. We chose to examine the effect of two nanoparticle properties on their diffusive abil-

ity: surface PEGylation and adhered surface proteins. Nanoparticle PEGylation is a common method

used to evade the immune system [136], as well as to improve colloidal stability [54]. PEGylation has also

been shown to improve the ability of nanoparticles to penetrate complex systems, includingmucus [135],

vitreous [48], tumors [137], and the brain parenchyma [138]. In biological environments, nanoparticles

accumulate a layer of proteins known as the protein corona [71, 139]. This can alter aggregation rates,

cell internalization, and transport properties [140]. For instance, protein coatings have been demon-

strated to increase the time scale over which nanoparticles interact with cells [141] and strongly reduce

nanoparticle adhesion to cellular surfaces [142]. We incubated PS-COOH and PS-PEG nanoparticles in

horse serum to create a protein corona on the particle surface. DLS measurements quantified a change

in particle size and zeta potential. PS-COOH nanoparticles increased in size from 142.0 ± 4.2 to 2583 ±

441nm and ζ-potential increased from -40.4 ± 2.8 to -12.3 ± 1.2mV; PS-PEG nanoparticles increased in

size from 163.2 ± 1.5 to 408.2 ± 87.7nm and ζ-potential decreased from -6.2 ± 2.5 to -9.4 ± 0.9mV (Fig-

ure 2.2b-c). We further confirmed protein adhesion via bicinchoninic acid (BCA) assay. An average of

47.0 ± 2.5 x 10-11μg protein was found on the surface of each PS-COOHnanoparticle compared to 10.0 ±

0.3 x 10-11 μg/particle for PS-PEG nanoparticles (Figure 2.2d). We hypothesized that the protein corona

would change how the nanoparticles behaved in the agarose matrix, exhibiting higher Deff than non-

coated particles due to reduced interactions with agarose chains. MPT experiments resulted in profiles of

similar magnitudes (Figure B.1a), with geometric ensemble-averagedDeff at τ=1s of 0.74 and 1.07 μm2/s
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Figure 2.2: Particle surface property-dependent nanoparticle diffusion analysis. (a) Carboxyl- and PEG-
modified polystyrene nanoparticles incubated with andwithout horse serum. (b)Hydrodynamic diame-
ter (intensity mean) distributions (purple: PS-COOH, teal: PS-PEG, blue: PS-COOH in serum, yellow-
green: PS-PEG in serum) measured in 10mM NaCl (n=3 measurements). (c) Concentration of surface-
adhered proteins from horse serum-incubated PS-COOH (orange) and PS-PEG (purple) nanoparticles
determined using BCA assay. UV-Vis adsorption calibration curve generated from BSA standards is
shown in blue. (d) Log Deff distributions stratified by particle type and binned by predicted particle
type using log median predictor.
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for serum-free and serum-incubated PS-COOH nanoparticles, respectively, and 0.93 and 1.78 μm2/s for

serum-free and serum-incubated PS-PEG nanoparticles, respectively. The serum-incubated particles had

higher diffusivitieswhen comparedwithparticles not incubated in serum, especially in the case of PS-PEG

nanoparticles. The higher diffusivities of serum-incubated particles in agarose gels align with previous in

vitro cell experiments performed by Lesniak et al [142]. In non-aggregating conditions, PS-PEG and PS-

COOH have been shown to have diffusive behavior of similar magnitudes [54], and our findings match

these previous results.

With the resulting trajectory feature datasets, PCA was performed as described above for the size-

dependent study. The sampling adequacy was verified via the KMO criterion (KMO = 0.864). The

PCA yielded 13 primary components to achieve 81.2% explained variance. Average component scores and

component distributions from the PCA are shown in Figure B.1b-c. Using the first three components,

each particle type formed distinct clusters as shown in Figure B.1d.

Table 2.2: Classifier metrics using nanoparticle trajectories to predict particle type in

agarose gels

Median Predictor Neural Network

Sample Size Median Predictor (local avg) (local avg)

Training Test Training Test Training Test Training Test

COOH 134717 135518 0.001 0.001 0.329 0.193 1.000 0.902

COOH in serum 191947 191654 0.022 0.022 0.357 0.500 1.000 0.916

PEG 52038 51917 0.065 0.066 0.166 0.290 0.998 0.741

PEG in serum 351935 352061 0.103 0.103 0.828 0.821 1.000 0.981

Avg/Tot 730637 731150 0.048 0.048 0.420 0.451 0.998 0.885

Using a trained NN, we predicted particle type (PS-COOH, PS-COOH in serum, PS-PEG, and PS-PEG

in serum) with an average recall score of 0.885 in the test dataset (Table 2.2). This demonstrates the pre-

dictive power that can be leveraged when using trajectory features other than just Deff, as implemented

in the Stokes-Einstein size predictors in the previous experiment. A predictor based on log median Deff

using locally averaged trajectory features is not able to parse out these differences, with an average recall



58

score of 0.427 (Table 2.2). As the profiles are of similar magnitude for all four particle types (Figure 2.2).

The fact that such nuanced nanoparticle properties such as surface functionality and protein adsorption

can be resolved using an indirect measurement technique such as MPT is very promising. This leaves

room to probe additional nanoparticle properties, such as the effect of nanoparticle composition, shape,

density, and porosity on nanoparticle transport behavior. Additionally, this method can be extended to

provide systems-wide predictive models that account for a host of particle parameters.

2.2.3Neural network predictors of nanoparticle surface functionality and

protein corona in an ex vivo brain tissue slice model

While we have demonstrated the ability to differentiate between nanoparticle properties using MPT

datasets and NNs, we wanted to test to what extent such predictive ability was preserved in a more phys-

iologically relevant model. Agarose gels can capture some aspects of the tissue microenvironment, such

as ionic composition and viscoelastic properties, but they are not dynamic and neglect interactions with

cells and proteins. We hypothesized that MPT could also be used to detect the extent of these interac-

tions, given that protein adsorption has been shown to decrease nanoparticle interactions cellmembranes

[142]. Both a computational and experimental approach were used to test this hypothesis. Computa-

tionally, we used a randomwalker model where nanoparticles were capable of adhering to cells, modeled

as squares, to demonstrate the impact that adhesion interactions of varying strength have on ensemble-

averaged MSD profiles (Figure 2.3b). Adhesion interactions are represented as the probability a random

walker will “stick” when encountering a surface while diffusing. When this sticking probability increased

(10%, 20%, 30%, 50%, 75%, 90%, 99%), theDeff decreased by a factor of 0.00, 0.01, 0.02, 0.02, 0.05, 0.27,

and 5.56, respectively, when compared to particles with a sticking probability of 1%. We repeated this

experiment with a 2-fold narrower spacing between “cells,” and it resulted in an even stronger effect. In

this scenario,Deff decreased by a factor of 0.00, 0.00, 0.04, 0.05, 0.18, 0.47, and 14.07 when compared to

particles with a sticking probability of 1%.

To capture some of the biological effects ignored by the agarose gel model, an ex vivo rat brain slice model
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was used. Unlike in the gel experiment, we saw a bifurcation between PS-COOH and PS-PEG parti-

cles. We calculated geometric ensemble-averagedDeff at τ=1s of 0.0093 and 0.018 μm2/s for serum-coated

PS-COOH and serum-free PS-COOH, respectively, and Deff of 0.61 and 0.22 μm2/s for serum-coated

PS-PEG and serum-free PS-PEG, respectively (Figure 2.3d). In tissue, the PS-COOH particle types with

and without serum were more immobile compared to gel studies. Here, we calculated Deff of 0.0093

and 0.018 μm2/s for serum-coated PS-COOHand serum-free PS-COOH, respectively, in tissue, and 1.07

and 0.74 μm2/s for serum-coated PS-COOH and serum-free PS-COOH, respectively, in gels. This has

been shown in previous experiments, as PS-COOH nanoparticles are subject to both electrostatic and

hydrophobic interactions with various components of the brain microenvironment, hindering their dif-

fusive ability [54]. Contrary to experiments run in gel, the protein corona did not uniformly increase

ensemble nanoparticle diffusive behavior. On average, serum-incubated PS-COOH nanoparticles had

lower MSD profiles than their serum-free counterparts, while incubation with serum increased the dif-

fusivities of PS-PEG nanoparticles (Figure B.2a). To explain this diverging behavior in nanoparticle dif-

fusion, fluorescence activated cell sorting (FACS) was used to evaluate the cellular uptake profiles of each

type of nanoparticle (Figure 2.3c; example raw FACS data found in Figure B.3). It was determined that

8.7 ± 0.8% of Cd11b+ macrophages took up PS-PEG nanoparticles, compared to 2.0 ± 0.3% for serum-

incubated PS-PEG nanoparticles. The opposite effect was observed for PS-COOH nanoparticles, where

12.2 ± 1.7% of macrophages took up the serum-free PS-COOH nanoparticles compared to 21.3 ± 1.0%

uptake for serum-incubated PS-COOH particles. Particles confined in cells and internal cellular com-

partments have restricted trajectories and reducedDeff, suggesting that any differences we observed in ex

vivo particle behavior could in turn be caused by cellular internalization [56].

The sampling adequacywas verified via theKMOcriterion (KMO=0.907). The PCAyielded 12 primary

components to achieve 80.9% explained variance. Average component scores and component distribu-

tions from the PCA are shown in Figure B.2b-c. We plotted the first three components against each other

in Figure B.2d, where we saw significant overlap between the four populations, and the serum-incubated

PS-PEG population was difficult to distinguish. Using all 51 components as inputs, we built a NN clas-

sifier that was able to predict particle type with a 0.591 average recall score in the test dataset (Table 2.3).
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Figure 2.3: Particle surface property-dependent nanoparticle diffusion analysis in an organotypic brain
slice model. (a) Carboxyl- and PEG-modified polystyrene nanoparticles incubated with and without
horse serum were allowed to diffuse in rat brain slices. (b) (top left) 2D computational diffusion model
varying the “stickiness” of cellular surfaces (purple squares: cells). (top right) Example nanoparticle tra-
jectories. (bottom left) <MSD> profiles as a function of cell “stickiness”. Stickiness was quantified as
the probability a particle remains adhered to a cell’s surface when in contact with the cell boundary (dis-
tance between cells: 20 pixels), (bottom right) <MSD> profiles as a function of cell “stickiness” (distance
between cells: 10 pixels) (c) FACS results quantifying cell uptake of nanoparticles in microglia stratified
by particle type (n=3 slices per condition, purple: PS-PEG in serum, blue: PS-PEG, teal: PS-COOH in
serum, yellow-green: PS-COOH) (d) Log Deff distributions stratified by particle type and binned by
predicted particle size using log median predictor.
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Our ability to predict particle type accuratelywas significantly reduced in comparison to the results in gels.

This is partly due to the more significant inter-sample variation in particle behavior. A major contribu-

tor to the poor performance of the NN classifier was the inability to distinguish the PS-PEG population,

which had a recall score of 0.283. This method does outperform a classification based on binning by me-

dian Deff (Figure 2.3d) with an average recall score of 0.110 in the test dataset. While it is reassuring that

the predictor can still make accurate predictions despite intra-sample variability, it also raises concerns

whether this prediction would be reproducible across slices outside of the training dataset.

Table 2.3: Classifiermetrics using nanoparticle trajectories to predict particle type in organotypic

brain slice model

Neural Network Neural Network

Neural Network (COOH only) (PEG only)

Median Predictor Neural Network (local avg) (local avg) (local avg)

Sample Size (local avg) (local avg) (avg 3-1 train-test) (avg 3-1 train-test) (avg 3-1 train-test)

Training Test Training Test Training Test Training Test Training Test Training Test

COOH 88001 86429 0.082 0.075 0.773 0.593 0.807 0.473 0.886 0.536 NA NA

COOH in serum 138913 142066 0.176 0.172 0.842 0.687 0.878 0.548 0.936 0.640 NA NA

PEG 35969 36864 0.142 0.171 0.438 0.283 0.517 0.065 NA NA 0.658 0.258

PEG in serum 95111 93907 0.029 0.023 0.879 0.800 0.878 0.641 NA NA 0.967 0.908

Avg/Tot 357994 359266 0.107 0.110 0.838 0.591 0.770 0.432 0.911 0.588 0.812 0.583

In order to test the ability of our NN to predict particle type in slices not included in the training dataset,

we selected a new training/test configuration. We trained ourNNon 3 of 4 slices for each particle type and

reserved one slice as a test dataset. This was repeated four times, such that each slice was used once as a test

dataset. In this case, we were able to retain some of our predictive ability. We generated a range of average

recall scores of 0.402-0.513 in the test dataset, butwe had a complete loss of predictive ability of serum-free

PS-PEG nanoparticles, with a range of recall scores of 0.039-0.105 (Table B.2). If we limit our predictions

to incubation status (serum-free or serum-incubated), this configuration provides predictive ability for

the test datasets with 0.480-0.706 average recall scores for PS-COOH nanoparticles, and 0.479-0.690

average recall scores for PS-PEG nanoparticles. When predicting serum status in the PS-PEG particle

population, our NN configuration still could not resolve serum-free particles, with recall scores of 0.071-
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0.535. Our results indicate that while there are measurable differences between particle populations, the

amount of inter-sample variability hinders the utility of such predictors. We could resolve this further

with very large training datasets, but this is not likely to be a cure-all, as serum-free PS-PEG particles

had low recall scores even without accounting for intra-sample variability. As we have demonstrated that

there are significant differences in cell uptake between serum-free and serum-incubated nanoparticles,

NNpredictors couldbe improvedby incorporating information relating tonanoparticle-cell interactions.

For instance, complementary histology can be included in input datasets to improve predictive ability.

2.2.4 Neural network predictors of gel stiffness using MPT datasets

Next, we sought to demonstrate that nanoparticle probes can also be used to predict aspects of their

surrounding environment. If we could demonstrate that subtle differences in the surrounding tissue mi-

croenvironment could be differentiated solely with MPT trajectory datasets, this could potentially be

used as a powerful preclinical diagnostic tool. We first chose a simple and controllable model with a tun-

able parameter: agarose gels with varying agarose concentrations to adjust gel stiffness and porosity. Low

concentration agarose gels have been used as a model of brain tissue because they have similar infusion

properties [143] and pore sizes [113] to the brainmicroenvironment. By varying agarose concentration, we

canmimic changes in the brainmicroenvironment thatmayoccur in disease states [144] or aging processes

[145]. To model this computationally, we used a random walker model with increasingly densely packed

“sticky” particulates to demonstrate the impact of varyingly dense microenvironments on diffusive abil-

ity (Figure 2.4b). Particulate concentrations were increased 4-, 8-, 12-, 16-, 20-, 24-, 28-, 32-, and 36-fold in

each simulation resulting in 0.09-, 0.20-, 0.32-, 0.71-, 1.15-, 2.01-, 3.45-, 5.81-, and 6.82-fold decreases, respec-

tively, in ensemble-averagedDeff. This general trend is likely to hold in in vitro experiments. We chose a

range of agarose concentrations from0.4 to 1.2 weight % agarose that encompass concentrations found to

mimic infusion properties of the brain (25). We chose 0.2% agarose intervals to test the resolution limits

of our NN predictors. An oscillatory rheological analysis was performed on each weight % agarose gel to

verify the storage moduli increased with increasing agarose concentration (Figure B.5d). An initial com-

parison of profiles generated from MPT experiments performed in each gel is shown in Figure B.4a. As
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Figure 2.4: Diffusion analysis for the prediction of agarose gel concentration. (a) Schematic represen-
tation of the relationship between agarose concentration and gel stiffness. (b) Computational model
of diffusion in agarose gel of increasing agarose concentration. Agarose is modeled as 2D squares with
sticky surfaces. (c) Computational model generated <MSD> profiles for increasing agarose concentra-
tions. Concentrations represent multiples of the base agarose concentration (256 squares/512 x 512 μm2)
(d) Oscillatory rheological analysis of agarose gels of varying weight percent (e) Log Deff distributions
stratified by agarose gel concentration binned by predicted agarose gel concentration using log median
predictor.
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expected, the nanoparticles’ diffusive ability decreased with increasing agarose concentration, with calcu-

lated geometric ensemble-averaged Deff at τ=1s of 0.51, 0.43, 0.23, 0.22, and 0.17 μm2/s for 0.4%, 0.6%,

0.8%, 1.0%, and 1.2% agarose gels, respectively (Figure 2.4d). However, these differences are much smaller

in magnitude compared to the differences caused by particle size. Similar to the particle size experiment,

we built a baseline predictor using theory with which we could compare the NN predictive ability. The

Deff of nanoparticles diffusing in porous media is related to the volume fraction of polymer gel by the

following obstruction scaling model:

Dg

D0
= e

[
−Π(

rs+rf
ksaΦ−0.75C−0.25

∞ (1−2Χ)−0.25+2rf
)2

]

where Dg is the Deff in the gel, D0 is the Deff in water, rs is the nanoparticle radius, rf is the radius of

the polymer chain, ks is a constant of proportionality, α is the equivalent bond length of the monomer,

φ is the volume fraction of polymer in the gel, C∞ is the characteristic ratio of the polymer, and χ is

the Flory-Huggins interaction parameter [146]. Using the percent agarose values and the calculatedDeff

of the nanoparticle trajectories at τ=100ms, we fit the model using a nonlinear curve fit. We calculated

percent agarose concentrations for each trajectory in the whole dataset and binned trajectories into five

groups: <0.5%, 0.5-0.7%, 0.7-0.9%, 0.9-1.1%, and >1.1%. This predictor achieved an average recall score

of 0.218 (Table 4). If we reduce the resolution and only look at the 0.4, 0.8, and 1.2% samples, we get an

average recall score of 0.367, which is not competitive with a random guess, which has an average recall

score of 0.333.

If, in addition to reduced resolution, we use locally averaged Deff, we obtain an average recall score of

0.488. The predictor had the most difficulty predicting intermediate agarose concentrations (e.g. 0.228

for trajectories in 0.8% agarose). Predicting viscoelastic properties of the surrounding media proves to be

a more difficult problem than predicting particle size and leaves room for ongoing exploration using a

NN classifier on input trajectory datasets.

A PCA yielded 14 primary components to achieve 81.7% explained variance. Average component scores

and component distributions from the PCA are shown in Figure B.4b-c. Using the first three compo-
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nents plotted against each other, distinct regions can be observed (Figure B.4d), but the intermediate gel

viscosities, particularly the 0.6% and 0.8%, are difficult to distinguish visually.

Table 2.4: Classifier metrics using nanoparticle trajectories to predict agarose gel concentration

Obstr. Model Neural Network

Obstr. Model Obstr. Model (reduced res.) Neural Network (local avg.)

Sample Size Obstr. Model (reduced res.) (local avg.) (local avg.) (local avg.) (reduced res.)

Training Test Overall Overall Overall Overall Training Test Training Test

0.4 44643 45388 0.409 0.420 0.622 0.712 0.910 0.695 0.992 0.834

0.8 42941 41812 0.060 NA 0.235 NA 0.843 0.486 NA NA

0.6 46913 45652 0.164 0.316 0.121 0.228 0.805 0.329 0.974 0.569

1 63001 65820 0.151 NA 0.027 NA 0.880 0.395 NA NA

1.2 122390 121818 0.304 0.365 0.502 0.524 0.972 0.702 0.996 0.837

Avg/Tot 180610 181437 0.218 0.367 0.302 0.488 0.882 0.521 0.987 0.747

Using all 51 components as inputs, we built a NN classifier that was able to predict agarose concentration

with a 0.521 average recall score in the test dataset (Table 2.4). The predictor was able to resolve trajec-

tories in both high and lower agarose concentrations, with recall scores of 0.695 and 0.702 in 0.4% and

1.2% agarose, respectively. However, theNNpredictor lost power at intermediate agarose concentrations,

with recall scores of 0.486, 0.329, and 0.395 for 0.6, 0.8, and 1.0% agarose concentrations, respectively. If

we reduce the resolution and only include 0.4, 0.8, and 1.2% samples, we achieved an average recall score

of 0.747 in the test dataset. This predictor still suffers at intermediate concentrations with a 0.569 re-

call score for 0.8% agarose, but the NN is still able to outperform the obstruction model predictor. This

demonstrates the potential power of using trajectory datasets to predict aspects of the surrounding envi-

ronment. Additional factors that could be probed are changes in surface charge and hydrophobicity of

gel components, heterogeneity of gels, and the composition of the surrounding media.
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2.2.5Neural network predictors of nanoparticle surface functionality and

cell uptake status using MPT datasets

Next, wewanted to attempt tobuild a predictor thatwouldbe able to distinguishbothnanoparticle prop-

erties and aspects of the surrounding environment simultaneously. Nanoparticle behavior is a function of

the surrounding environment, and if we hope to build predictivemodels that are useful inmore complex

environments, it is important that we can capture these interactive effects. We sought to demonstrate the

ability to predict particle internalization into a cell by using trajectory feature datasets using two differ-

ent particle types, PS-COOH and PS-PEG. Even without accounting for the complex biology involved,

we can predict distinct diffusive behavior due solely to geometric constraints. For example, Brownian

motion confined to a circle of radius r2c can be modeled by:

⟨r2(n)⟩ = r2c[1 −A1e−4A2Dnδt/r2c ]

whereD is theDeff, n is the frame, δt the shutter speed, andA1 andA2 are shape constants [56]. Nanopar-

ticles in cells will likely not only be confined within the cell membrane but will also be internalized into

organelles, resulting in hindered diffusive behavior [147]. As observed previously, surface charge impacts

both interactions with cells and cell uptake profiles. We sought to build a predictor that would be able to

determine whether a particle has been internalized based on its trajectory features.

In this experiment, BV-2 cells were exposed to PS-COOHor PS-PEG nanoparticles for 1 h prior to imag-

ing. Using binary images generated from brightfield images of cells taken directly after tracking experi-

ments (Figure 2.5b-c), trajectories were labelled as either “in cells” or “out of cells.” Ensemble-averaged

MSDs of PS-COOHandPS-PEGnanoparticles stratified by cell internalization are shown in Figure B.6a.

Nanoparticles in cells consistently had lowerDeff than their uninternalized counterparts. We calculated

0.00088 and 0.69 μm2/s geometric ensemble-averaged Deff for PS-COOH nanoparticles “in cells” and

“out of cells,” respectively, and 0.0025 and 1.08 μm2/s for PS-PEG nanoparticles “in cells” and “out of

cells,” respectively. MSD profiles of non-internalized PS-COOH and PS-PEG cells are of similar magni-
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tude. We performed a PCA on the composite dataset of individual features and locally averaged features.

The sampling adequacywas verified via theKMOcriterion (KMO=0.948). The PCA yielded 13 primary

components to achieve 80.7% explained variance. Average component scores and component distribu-

tions from the PCA are shown Figure B.6b-c. Using the first three components, each particle type forms

distinct clusters (Figure B.6d), where there is overlap between the four populations, but each population

can be resolved visually.

Using all 51 components as inputs we built a NN classifier that was able to predict particle type/cell inter-

nalization with a 0.686 average recall score in the test dataset (Table 2.5). Internalized PS-PEG nanopar-

ticles were the most difficult to resolve, with a recall score of 0.412 in the test dataset. This is likely due to

three causes: (1) there are very few internalized PS-PEG nanoparticles, and thus a small training dataset

(Figure 2.5d), (2) there is less of a binary behavior of PS-PEG nanoparticles “in cells” and “out of cells,”

and (3) any immobilized PS-PEG nanoparticles in cells are difficult to distinguish from immobilized PS-

COOH nanoparticles in cells. While PS-COOH internalized particles are almost uniformly immobile

and the non-internalized PS-COOH particles are free to move, the internalized PS-PEG nanoparticles

have broader distribution in diffusive behavior (Figure 2.5d). Thus, the internalized PS-PEG nanoparti-

cles can bemistaken by the network for both PS-PEG nanoparticles out of cells and PS-COOHnanopar-

ticles in cells.

We would also like to note that our ability to label particles as internalized and non-internalized is im-

perfect. Without a highly accurate reference standard, there will be trajectories falsely labelled as internal-

ized due to imperfectly resolved cellular edges and variable particle behavior at cellular interfaces. Other

trajectories will be falsely labelled as non-internalized due to thin cellular features that are lost in image

processing steps (Figure 2.5c). This will inevitably limit the accuracy of our NN classifier. We were able

to improve the performance of our NN classifier by excluding particles near cellular interfaces. When we

excluded particles within 10 pixels (0.7μm), we achieved an average recall score of 0.702 and a recall score

of 0.434 for internalized PS-PEG nanoparticles in the test dataset. When we excluded particles within

20 pixels (1.4 μm), we achieved an average recall score of 0.719 and a recall score of 0.439 for internalized

PS-PEG nanoparticles in the test dataset. By excluding particles at the interface, we minimize errors due
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Figure 2.5: (a) Particle type- and cellular internalization-dependent diffusion analysis. (b) (left) Exam-
ple frame of PS-PEG nanoparticle diffusion in BV-2 microglial cell culture. (right) Example frame of
PS-COOH nanoparticle diffusion in BV-2 microglial cell culture. (c) Demonstration of cell image anal-
ysis. (top left) Raw image. (top middle) Binarized image. (top right) Euclidean distance transform of
binarized image (bottom left). Binarized image with area 10 pixels from cell surfaces highlighted in red.
(bottom middle) Binarized image with area 20 pixels from cell surfaces highlighted in red. (d) Log Deff
distributions stratified by agarose gel concentration binned by predicted agarose gel concentration using
log median predictor (purple: PS-PEG out of cells, blue: PS-COOH out of cells, teal: PS-PEG in cells,
yellow-green: PS-COOH in cells).
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to variable behavior at cell interfaces and inaccurate binarization of the cellular images.

Table 2.5: Classifier metrics using nanoparticle trajectories to predict particle type and cellular internization

status in microglial cell culture

Neural Net. Neural Net.

Neural Net. Neural Net. (local avg.) (local avg.)

Median Pred. Neural Net. (local avg.) (local avg.) (>20 px) (>20 px)

Sample Size (local avg.) (local avg.) (>10 px) (>20 px) (COOH only) (PEG only)

Training Test Training Test Training Test Training Test Training Test Training Test Training Test

COOH out of cells 65458 65174 0.157 0.170 0.838 0.699 0.898 0.719 0.907 0.734 0.984 0.926 NA NA

COOH in cells 48825 49832 0.207 0.208 0.935 0.787 0.966 0.804 0.977 0.837 0.982 0.852 NA NA

PEG out of cells 56517 57097 0.159 0.154 0.946 0.847 0.965 0.850 0.973 0.865 NA NA 0.985 0.979

PEG in cells 9810 9334 0.276 0.210 0.623 0.412 0.709 0.434 0.754 0.439 NA NA 0.766 0.724

Avg/Tot 180610 181437 0.200 0.185 0.836 0.686 0.885 0.702 0.903 0.719 0.983 0.889 0.875 0.852

By implementing aNN,wewere able to achieve high predictive ability in determining cell internalization

based on trajectory datasets. This could be expanded to include internalization in cellular substructures

such as lysosomes and vacuoles. In cases where cell stains are available, using this information can allow

for more powerful predictive models. For example, instead of predicting cell internalization, investiga-

tors could predict whether particles were sequestered in organelles, diffusing in the cytosol, associated

with the cell membrane, or embedded in the extracellular matrix. Additional questions could probe the

relationship of nanoparticle diffusion to cell type, phenotype, and protein distribution.

2.3 Conclusions

Traditional applications of MPT have an excessively large amount of overhead. For example, a single ex-

periment examining 4 different conditions and 3 replicates per condition can run upwards of 1 terabyte

of data. From that terabyte of video, thousands to millions of trajectories are collected, all to report an

often ensemble-averaged Deff value per condition. These large datasets are a prime target for machine

learning methods. Trajectory datasets have been used in biological settings, for example, to classify mo-

tion types. Additionally, applications outside biomedical fields, including mapping new environments,
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learning interactive behaviors from pedestrian trajectories, and training self-driving cars from driver data,

suggest there are many methods left untried in this area. Using a range of experiments, we have sought

to push the boundaries of the level of information that can be extracted usingMPT techniques. In some

well-defined cases such as particle size, in vitro cell uptake, and in vitro protein corona, we were able to

achieve powerful predictive models using neural networks. ex vivo slice studies exhibited some utility as

well, but variability from slice to slice and from animal to animal limited their applicability. We suggested

additional ways that these weaknesses can be overcome, for instance, by combining cell histology datasets

with trajectory datasets. The use of trajectories as a form of biological marker can potentially become

a powerful diagnostic tool without the need of expensive or complicated reagents. Future experiments

could seek to implement nanoparticle movement as a surrogate for tissue breakdown, disease severity,

tissue age, altered cellular behavior, or protein expression.
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3
Tuning design parameters of PEGylated

brain-penetrating nanoparticles using artificial

neural networks

3.1 Introduction

Nanoparticles have been lauded for their promise in addressing common barriers to effective drug de-

livery: a lack of sustained or controlled release, biological barriers, and non-specific and off-target effects

[148–150]. Yet the translation of nanoparticles from benchside to commercially available drugs has been
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slow, partially attributable to a limited knowledge of particle-environment interactions. Efforts to both

increase knowledge of nanoparticle behavior in biological environments and improve nanotherapeutic

screening times can address this issue [4].

Many studies have examined how one nanoparticle property affects one biological feature or conversely

how varying one biological feature changes one nanoparticle behavior. For example, studies have ex-

amined how nanoparticle size, surface charge, shape, and surface chemistry affect cell uptake [151–153],

nanoparticle distribution [154, 155] and cytotoxicity [156, 157]. A commonmodulator of nanoparticle be-

havior is the surface ligand polyethylene glycol (PEG). PEG can be used to improve nanoparticle stability

and bequeath stealth properties [158]. Investigators have quantified the effects of PEG grafting density,

PEG chain length, and PEG type on pharmacokinetics [159], biodistribution [160], cellular uptake [161–

163], and the development of the protein corona [158, 164]. Additional studies have investigated inter-

mediate transport properties of nanoparticles such as how the presence of PEG modifies nanoparticle

diffusive behavior in the brain [49], and the role of calcium in changing nanoparticle behavior [54].

In this paper, we sought to further investigate how various aspects of nanoparticle formulations (sur-

face charge, PEG chain length, and PEG surface coverage) affect the ability of nanoparticles to diffuse in

the brain. We use a previously developed agarose gel model of the brain that mimics stiffness and pore

sizes found in the brain [54]. Furthermore, we sought to apply machine learning techniques to multiple

particle datasets to demonstrate that various nanoparticle types can be distinguished solely on geometric

trajectory features.

3.2 Results and Discussion

3.2.1 Diffusion studies: Surface charge

We first investigated the effect of surface charge on the ability of a nanoparticle to diffuse in a gel model

of the brain. Surface charge effects on diffusion have been documented in a variety of media, including

biofilms [165], vitreous [48], mucous [135], and brain tissue [49]. While the effects of surface charge



73

have been investigated with a variety of techniques, there is still no consensus as to the effects of surface

charge on diffusive properties nor the underlying causes [166]. It has been hypothesized that negative

surface charges increase diffusion coefficients by reducing interactionswithnegatively charged cell surfaces

while positively charged particles are hindered due to adherence to cell surfaces [49]. It has also been

demonstrated that surface charge impacts the colloidal stability of nanoparticles in biological media thus

altering diffusion coefficients through an indirect mechanism [54].

Table 3.1: Nanoparticle characterization via dynamic light scattering and NMR

Particle Type Hydrodynamic

Diameter (nm)

ζ Potential (mV) PEG Surface Density

(mol/100nm2)

Functionality —- —- —-

PS-COOH 110.3 ± 2.8 -68.8 ± 1.4 -

PS(COOH)-PEG 124.2 ± 3.3 -2.0 ± 0.1 -

PS-NH2 98.2 ± 10.4 44.4 ± 1.8 -

PS(NH2)-PEG 149.7 ± 5.1 -2.0 ± 0.1 -

Chain Length —- —- —-

PS-PEG(1k) 114.8 ± 1.5 .1.1 ± 0.3 -

PS-PEG(10k) 139.7 ± 3.4 -2.3 ± 0.4 -

Grafting Density —- —- —-

PS-PEG(0.1x) 105.3 ± 3.1 -18.0 ± 1.0 -

PS-PEG(0.15x) 109.2 ± 0.03 -10.1 ± 1.2 -

PS-PEG(0.2x) 90.8 ± 1.9 -9.8 ± 0.4 1.5 ± 0.4

PS-PEG(0.4x) 91.6 ± 3.1 -6.9 ± 1.7 3.7 ± 0.6

PS-PEG(0.5x) 117.7 ± 1.5 -5.1 ± 1.0 5.1 ± 0.7

PS-PEG(0.6x) 92.7 ± 4.7 -3.4 ± 0.2 5.6 ± 0.6

PS-PEG(0.75x) 122.0 ± 0.9 -4.8 ± 0.5 8.8 ± 0.9

PS-PEG(1x) 119.8 ± 0.3 -5.8 ± 0.9 8.5 ± 0.9

Based on these previous studies, we hypothesized that (1) positively charged PS-NH2 nanoparticles would

have little diffusive ability due to adherence to negatively charged agarose chains (ζ-potential of 44.4 ± 1.8,

Table 3.1) and (2) that PS(NH2)-PEG nanoparticles would have diffusive abilities similar to PS(COOH)-
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PEG nanoparticles, as both particle types have near-neutral surface charges (ζ-potentials of -2.0 ± 0.1 and

-2.0 ± 0.1 mV, respectively). We investigated nanoparticle behavior in 0.4% agarose gel model of the brain

constituted with ACSF with 2mM or 3mM calcium chloride. Calcium chloride is a main contributor to

colloidal instability of negatively chargednanoparticles such as PS-COOH[54], andwewanted to include

both aggregating and non-aggregating conditions.

MSD profiles are shown in Figure 3.1a and e. In 2mM calcium chloride, PS-COOH, PS(COOH)-PEG,

and PS(NH2)-PEG all had diffusion coefficients of similar magnitude at τ=1s (0.10, 0.11, 0.036 μm2/s,

respectively), while PS-NH2 nanoparticles were immobilized (3.8 x 10−4 μm2/s). When comparing

PS(COOH)-PEG nanoparticles to PS(NH2)-PEG nanoparticles, it was observed that PS(NH2)-PEG

nanoparticles exhibited an average diffusion coefficient ~2x lower than that of PS(COOH)-PEG

nanoparticles. Given the large differences in behavior between the two base particles (PS-COOH and

PS-NH2), this is likely due to charge interactions. In order to investigate the role of calcium on nanopar-

ticle diffusive behavior, we performed similar studies in 0.4% agarose gels constituted with 3mM calcium

chloride. In this experiment, PS(COOH)-PEG and PS(NH2)-PEG MSD profiles remained largely

unmodified (0.11 and 0.15 μm2/s for PS-(COOH)-PEG in 2mM and 3mM calcium chloride, respectively,

and 0.036 and 0.049 μm2/s for PS(NH2)-PEG in 2mM and 3mM calcium chloride, respectively).

UnPEGylated PS-NH2 nanoparticles remained immobilized (3.8 x 10−4 and 7.7 x 10−4 μm2/s in 2mM

and 3mM calcium chloride, respectively), while PS-COOH nanoparticles lost their diffusive ability and

were also immobilized (0.10 and 2.7 x 10−4 μm2/s in 2mM and 3mM calcium chloride, respectively).

This reproduces previous results demonstrating the effect of calcium on PS-COOH colloidal stability

and, in turn, diffusive behavior.

To demonstrate that differences between these populations can be distinguished using geometric trajec-

tory features and a neural network, we performed a PCA analysis on a composite dataset composed of in-

dividual trajectory features and locally averaged features. The PCA analysis using the 2mMCaCl2 dataset

yielded 12 primary components to achieve 81.8% variance. Average component scores and component

distributions are shown in Figure 3.1f and h.
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Figure 3.1: Surface functionality-dependent diffusion analysis for nanoparticles in agarose gels constituted
with (a.-d.) ACSF (2mM CaCl2) and (e.-h.) ACSF (3mM CaCl2). (a., e.) Geometric ensemble-averaged
precision-weighted MSD profiles of 100nm PS-NH2(yellow-green), PS-COOH (teal), PS(NH2)-PEG
(blue), and PS(COOH)-PEG (purple) NPs in 0.4% agarose gel constituted with (a.) ACSF with 2mM
CaCl2 and (b.) ACSF with 3mM CaCl2 (n=2 wells, 5 videos per well). (b., f.) Average component profile
of PCA analysis stratified by surface functionality. (c., g.) log mean Deff distributions in the test dataset
stratified by surface functionality binned by predicted surface functionality via median log mean Deff
predictor. (d., h.) Principle component distributions of PCA analysis stratified by surface functionality.
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Table 3.2: Classification metrics for particles of varying surface functionality

in agarose gels constituted with ACSF (2mM CaCl2)

Log Median Neural Network

Sample Size Predictor Predictor

Training Test Training Test Training Test

PS-COOH 352129 352051 0.62 0.63 1 0.98

PS(COOH)-PEG 246757 249701 0.47 0.49 1 0.96

PS(NH2)-PEG 189917 191174 0.81 0.78 1 0.94

PS-NH2 5761 6010 0.83 0.78 1 0.94

Average/Total 794564 798945 0.68 0.67 1 0.95

Table 3.3: Classification metrics for particles of varying surface functionality

in agarose gels constituted with ACSF (3mM CaCl2)

Log Median Neural Network

Sample Size Predictor Predictor

Training Test Training Test Training Test

PS-COOH 9225 9384 0.60 0.59 0.95 0.86

PS(COOH)-PEG 219202 218205 0.91 0.91 1.00 0.97

PS(NH2)-PEG 135944 138066 0.88 0.89 1.00 0.96

PS-NH2 2068 2536 0.38 0.30 0.72 0.36

Average/Total 366439 368191 0.69 0.67 0.92 0.79

Using all 51 components as inputs, we built a neural network classifier that was able to predict particle

type in the test dataset of the 2mMdataset with a 0.95 average recall score (Table 3.2). Our neural network

classifier outperformed a simple predictor based on binning by median log mean diffusion coefficients at

τ=1s, which achieved a recall score of 0.67 in the test dataset. The log median predictor suffers because

of the significant overlap in log diffusion coefficient distributions (Figure 3.1c), but the inclusion of addi-

tional geometric and tracking parameters in a neural network classifier can better resolve the differences
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between particle populations. Similar improvements are seen when predicting particle type in the 3mM

calcium chloride dataset. Our neural network predictor achieved a 0.79 average recall score in the test

dataset (Table 3.3) compared to an average recall score of 0.67 using the log median diffusion coefficient

predictor. Similar neural network classifiers could be used to distinguish between heterogeneous particle

populations used in cocktail drug delivery platforms.

3.2.2 Diffusion studies: PEG grafting density

Next, we chose to investigate the effect of PEGgrafting density on the ability of a nanoparticle to diffuse in

a gel model of the brain. The previous surface functionality study demonstrated the order of magnitude

difference in diffusion coefficients of PS-COOHandPS(COOH)-PEGnanoparticles. We next wanted to

investigate the effect of PEG as a continuous variable on diffusion coefficients by varying the PEGgrafting

density on the particle surface. Previous studies have examined the effect of PEG grafting density on a

variety of upstream outputs (particle properties, protein adsorption) [167, 168] and downstream outputs

(macrophage association, biodistribution, pharmacokinetics, clearance) [161, 164, 169]. We hypothesized

that nanoparticle diffusion coefficients in the gel model of the brain would increase with PEG grafting

density, and that individual trajectories would be distinguishable using machine learning methods.

In this experiment, we varied PEG grafting density by controlling the concentration of the limiting

reagent, PEG-NH2 in the carboxyl-amine reaction used to PEGylate PS-COOHnanoparticles. We varied

PEG-NH2 in 0.1, 0.2, 0.4, 0.5, 0.6, 0.75 and 1.0x the amount calculated for a complete reaction, including

PS-COOH nanoparticles as a control. We characterized each PEGylated nanoparticle formulation

using mean hydrodynamic diameters, ζ potentials, and PEG surface densities as shown in Table 3.1. All

PEGylated particles had near-neutral ζ-potentials (|ζ|<10mV). PEG surface densities exhibit an upward

trend with respect to excess PEG as predicted.

As there is little difference between diffusion coefficients of PS-PEG and PS-COOH nanoparticles in
ACSF with 2mM calcium chloride [21], we chose to perform diffusion experiments in ACSF with 3mM
calcium chloride to maximize the spread in the diffusive behavior between nanoparticle types. The ge-
ometric ensemble-averaged MSD profiles of each particle type are shown in Figure 3.2c. As expected,
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there is a general trend of increasing diffusion coefficients with increasing PEG surface grafting density
(6.0 x 10−3, 2.9 x 10−2, 9.9 x 10−3, 0.32, 0.32, 0.42, 0.82, and 0.10 μm2/s for PS-COOH nanoparticles and
PS-PEG nanoparticles with 0.1, 0.2, 0.4, 0.5, 0.6, 0.75, and 1.0x PEG, respectively). While there is some
variation inMSD profiles above surface coverage levels of 0.4, they are of similar magnitude. Of interest,
there seems to be a dip in the diffusion coefficients of PEG particles with 1.0x PEG. PEG grafting density
exhibits threshold behavior in which increasing the number of PEG molecules on the surface no longer
improves diffusive behavior.

Table 3.4: Classification metrics for particles of varying PEG grafting density

in agarose gels constituted with ACSF (3mM CaCl2)

Log Median Neural Network

Sample Size Predictor Predictor

Training Test Training Test Training Test

PS-COOH 59071 60428 0.61 0.60 0.91 0.70

PS-PEG(0.1x) 50937 50558 0.26 0.25 0.72 0.52

PS-PEG(0.2x) 39916 41699 0.19 0.18 0.71 0.46

PS-PEG(0.4x) 82684 82787 0.15 0.14 0.56 0.27

PS-PEG(0.5x) 61901 62461 0.05 0.04 0.47 0.24

PS-PEG(0.6x) 104356 104215 0.09 0.10 0.59 0.26

PS-PEG(0.75x) 152656 150696 0.57 0.56 0.89 0.67

PS-PEG(1x) 93949 94043 0.31 0.31 0.74 0.50

Average/Total 645470 646887 0.28 0.27 0.70 0.45

We performed a PCA analysis on the composite dataset composed of individual trajectory features and

locally averaged features. The PCA analysis yielded 16 primary components achieving 83.2% variance.

Average component scores and component distributions are shown in Figure S1a-c. Using the primary

components as inputs, we built a neural network classifier that was able to predict PEG surface coverage

with an average recall score of 0.45 in the test dataset (Table 3.4). Our neural network classifier outper-

forms a predictor based on binning by median log diffusion coefficients (an average recall score of 0.27).

The neural network suffers most at predicting intermediate surface grafting densities due to the varying
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Figure 3.2: PEG grafting density-dependent diffusion analysis for nanoparticles in agarose gels consti-
tuted with ACSF (3mM CaCl2). (a.) Representation of nanoparticles with increasing PEG grafting den-
sities. (b.) NMR calibration curve for PEG concentrations (n=3 samples per concentration). Dashed line
represents 95% confidence intervals. (c.) Geometric ensemble-averaged precision-weighted MSD pro-
files of PS-COOH(dark purple), PS-PEG(0.1x) (light purple), PS-PEG(0.2x) (blue-violet), PS-PEG(0.4x)
(blue-green), PS-PEG(0.5x) (teal), PS-PEG (0.6x) (seafoam green), PS-PEG(0.75x) (light green), and PS-
PEG(1x) (yellow-green) NPs in 0.4% agarose gel constituted with ACSF with 3mM CaCl2 (n=2 wells, 5
videos perwell). (d., e.) DLS hydrodynamic diameter aggregation profiles ofNPs of varying PEGgrafting
densities with step-wise increases in CaCl2 concentrations (n=1 per condition). (f.) log mean Deff distri-
butions in the test dataset stratified by PEG grafting density binned by predicted PEG grafting density
via median log mean Deff predictor.
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intensities of trajectory features. The neural network particularly struggles distinguishing between 0.5,

and 0.6x PEG nanoparticles, which have overlapping diffusion coefficient distributions (recall scores of

0.24 and 0.26).

Taking into account these results, we increased the predictive ability of our neural network by binning

all particles with excess PEG levels greater than 0.4 together into a high-PEG coverage group. Using this

threshold binning configuration, we were able to achieve an average recall score of 0.65 (Table 3.5). Our

threshold binning configuration outperformed a binned logmedian predictor, which achieved an average

recall score of 0.48. These results demonstrate that differences in PEG grafting densities can be resolved

using MPT tracking and a trained neural network.

Table 3.5: Classificationmetrics using alternate binning for particles of varying

PEG grafting density in agarose gels constituted with ACSF (3mM CaCl2)

Log Median Neural Network

Sample Size Predictor Predictor

Training Test Training Test Training Test

PS-COOH 59071 60428 0.61 0.60 0.93 0.65

PS-PEG(0.1x) 50937 50558 0.34 0.32 0.83 0.49

PS-PEG(0.2x) 39916 41699 0.19 0.18 0.81 0.47

PS-PEG(HI) 495546 494202 0.87 0.80 1.00 0.98

Average/Total 645470 646887 0.50 0.48 0.89 0.65

3.2.3 Diffusion studies: PEG chain length

Next, we wanted to examine the effect of PEG chain length on the ability of a nanoparticle to diffuse

in an agarose gel model of the brain. Similar to PEG grafting density, PEG chain length is a continuous

variable, but we can exercise more direct control over it, as PEG-NH2 molecules with highly controlled

molecular weights are commercially available. We chose three PEG molecular weights to examine: 1k,

5k, and 10k. PEG chain length has been shown to influence nanoparticle properties including colloidal
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stability [170] and protein corona development [162, 170, 171], as well as effects on drug delivery including

biodistribution profiles [172, 173], bioactivity [174], cell uptake mechanisms [162], cell proliferation, oral

absorption [175], and first pass extraction [176]. We sought to determine the effect of PEG molecular

weight on nanoparticle diffusion in a gel model of the brain and whether PEG molecular weight could

be distinguished from multiple particle tracking datasets.

We were unsure how PEG chain length would impact diffusion coefficients in a gel model of the brain.

The factors we assumed important were ζ potential (near-neutral ζ potentials reduce interactions with

charged surfaces andprevent aggregation. PS-PEGnanoparticles synthesizedwith 1k, 5k, and 10kPEGhad

ζ-potentials of 1.1 ± 0.1, -2.0 ± 0.3, and -2.3 ± 0.4mV, respectively), particle size (very large PEGmolecules

could increase overall particle size thus reducing diffusion coefficients as predicted by Stokes-Einstein.

PS-PEG nanoparticles synthesized with 1k, 5k, and 10k PEG had hydrodynamic diameters of 114.8 ± 1.5,

124.2 ± 3.3, and 139.7 ± 3.4 nm, respectively), and tangling effects (long PEG ligands could become entan-

gled with gel components) [177]. Similar to the experiments analyzing varied surface functionalities, we

performed experiments in two calcium chloride concentrations (2mM and 3mM).

The geometric ensemble-averagedMSDprofiles of eachparticle type are shown inFigures 3.3c-d. InACSF

with 2mM calcium chloride, there is little difference in MSD profiles for all four particle types (diffusion

coefficients of 0.15, 0.11, 0.10, 0.10 μm2/s for PS-PEG(10k), PS-PEG(5k), PS-PEG(1k), and PS-COOH

nanoparticles, respectively). PEG chain length exhibits some improvements in particle diffusive ability,

with ~50% higher diffusion coefficients when comparing PS-PEG(10k) nanoparticles with PS-COOH

nanoparticles. This increase doesn’t occur linearly with PEG chain length. When calcium concentration

in increased, PS-COOHnanoparticles lose their diffusive behavior, while particle behavior does not vary

for PS-PEG(1k), PS-PEG(5k), and PS-PEG(10k) (diffusion coefficients of 0.22, 0.15, 0.15, and 2.7 x 10−4

μm2/s for PS-PEG(10k), PS-PEG(5k), PS-PEG(1k), and PS-COOHnanoparticles, respectively). Wewere

unsure whether a neural network would successfully be able to distinguish between particles that had

such similar MSD profiles. Were there other geometric features that could potentially be used to distin-

guish between particle populations? We performed a PCA analysis on the composite dataset composed

of individual trajectory features and locally averaged features. The PCA analysis yielded 12 primary com-
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Figure 3.3: PEG chain length-dependent diffusion analysis for nanoparticles in agarose gels constituted
with (c., e.) ACSF (2mM CaCl2) and (d., f.) ACSF (3mM CaCl2). (a.) Representation of nanoparti-
cles with increasing PEG chain lengths in ACSF (2mM CaCl2) and ACSF (3mM CaCl2). (b.) DLS hy-
drodynamic diameter aggregation profiles of NPs of varying PEG chain lengths with step-wise increases
in CaCl2 concentrations (n=1 per condition). (c., d.) Geometric ensemble-averaged precision-weighted
MSD profiles of PS-COOH (yellow-green), PS-PEG(1k) (teal), PS-PEG(5k) (blue), and PS-PEG(10k)
(purple) NPs in 0.4% agarose gel constituted with (c.) ACSF with 2mM CaCl2 and (d.) ACSF with
3mMCaCl2 (n=2 wells, 5 videos per well). (e., f.) log mean Deff distributions in the test dataset stratified
by PEG chain length binned by predicted chain length via median log mean Deff predictor.
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ponents achieving 80.9% variance. Average component scores and component distributions are shown

in Figure S2a-d.

Using all 51 inputs, we built a neural network classifier that was able to predict PEG chain length in the

2mMcalcium chloride datasetwith an average recall score of 0.68 in the test dataset (Table 3.6). This com-

pares favorably with a predictor based on the logmedian diffusion coefficients, which achieved an average

recall score of 0.38. Because the diffusion coefficient distributions have significant overlap (Figure 3.3e),

the only particle populations that could be distinguished with accuracy were those with the lowest and

highest median diffusion coefficients in the training dataset (PS-PEG(1k) and PS-COOH, respectively)

when using the median log predictor. The median log mean diffusion coefficient predictor performed

better in the 3mM calcium chloride dataset (average recall score of 0.54 in the test dataset, Table 3.7) be-

cause the PS-COOH nanoparticles were immobilized, but the three overlapping PS-PEG diffusion co-

efficient distributions made PS-PEG(5k) nanoparticles difficult to resolve (recall score of 0.12 in the test

dataset). The neural network was better able to resolve the PS-PEG nanoparticles achieving an average

recall score of 0.76 in the test dataset. Despite having ensemble MSD profiles of similar magnitude, the

differences between trajectory features made them distinguishable with a neural network.

Table 3.6: Classification metrics for particles of varying PEG chain length in

agarose gels constituted with ACSF (2mM CaCl2)

Log Median Neural Network

Sample Size Predictor Predictor

Training Test Training Test Training Test

PS-COOH 352129 352051 0.62 0.63 1 0.98

PS-PEG(1k) 211851 249701 0.62 0.61 1 0.52

PS-PEG(5k) 246757 191174 0.13 0.14 1 0.57

PS-PEG(10k) 244724 352051 0.14 0.14 1 0.66

Average/Total 1055461 1144977 0.38 0.38 1 0.68
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Table 3.7: Classification metrics for particles of varying PEG chain length in

agarose gels constituted with ACSF (3mM CaCl2)

Log Median Neural Network

Sample Size Predictor Predictor

Training Test Training Test Training Test

PS-COOH 9225 9384 0.89 0.91 1 0.98

PS-PEG(1k) 257612 255187 0.55 0.56 1 0.83

PS-PEG(5k) 219202 218205 0.10 0.12 1 0.69

PS-PEG(10k) 326581 328394 0.54 0.57 1 0.80

Average/Total 812620 811170 0.52 0.54 1 0.76

3.2.4 Diffusion studies: PEG chain length in tissue

In order to verifywhether trends andpredictive ability observedwithPEGylatedparticles of varying chain

lengths carried over in the brain, we performed similar experiences varying PEG chain length in ex vivo rat

brain slices. The geometric ensemble-averagedMSDprofiles of each particle type are shown in Figure 4b.

As expected in previous studies, PS-COOHparticles were immobile in tissue while PS-PEG particles, re-

gardless of PEG chain length, retained diffusive ability. At short lag times, (up to τ=100ms) PS-PEG(1k),

PS-PEG(5k), and PS-PEG(10k) had diffusion coefficients of similar magnitudes. But at longer lag times,

the diffusion coefficients of PS-PEG(5k) nanoparticles lagged behind their PS-PEG(1k) and PS-PEG(10k)

counterparts. This behavior seems to be due to a single slicewith high particle counts of immobilized par-

ticles and is likely due more to slice variability than any inherent differences in particle behavior. Similar

to previous experiments, we performed a PCA analysis on the composite dataset composed of individ-

ual trajectory features and locally averaged features. The PCA analysis yielded 11 primary components

achieving 80.7% variance. Average component scores and component distributions are shown in Figure

S2. Using all 51 inputs, we built a neural network classifier with identical parameters to the previous stud-

ies. In order to account for slice-to-slice variability, we performed an alternate train-test split structure

using a leave-one-out (LOO) strategy. The neural network was trained using trajectory datasets from five
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Figure 3.4: PEG chain length-dependent diffusion analysis for nanoparticles in an organotypic brain slice
model. (a.) Representation of nanoparticles with increasing PEG chain lengths in a brain slice. (b.) Ge-
ometric ensemble-averaged precision-weighted MSD profiles of PS-COOH (yellow-green), PS-PEG(1k)
(teal), PS-PEG(5k) (blue), and PS-PEG(10k) (purple) NPs (n=6 slices per condition, 5 videos per slice).
(c.) log mean Deff distributions in the test dataset stratified by PEG chain length binned by predicted
chain length via median log mean Deff predictor.
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of the six slices, reserving the final slice as a test dataset. This was repeated six times for each slice and the

average recall values were reported. Our neural network was able to predict PEG chain length with an

average recall score of 0.55 in the test dataset (Table 3.8, scores of individual predictors shown in Tables

C.1, C.2, C.3). The amount of inter-slice variability greatly hinders the strength of any potential predic-

tor. The predictor particularly suffered when seeking to differentiate PS-PEG(5k) nanoparticles (recall

score of 0.22), which couldn’t be well differentiated from PS-PEG(1k) or PS-PEG (10k) nanoparticles.

While our predictor outperforms a binned log median predictor trained using a similar LOO strategy

(average recall score of 0.32), it is difficult to compensate for the amount of variability between samples.

Any differences attributable to PEG chain molecular weight aren’t as large as differences attributable to

slice variability. There is some potential in improving the predictive power by increasing the number of

slices used in the study, but the slice variability/PEG chain length variability ratio is still high and will still

limit predictive ability. Some variability is likely due to varying damage during slice preparation and can

be improved. When the amount of slice-to-slice variation exceeds the variation to behavior due to the

variable of interest (e.g. PEG chain length), predictive ability will be severely limited.

Table 3.8: Classification metrics for particles of varying PEG chain length in

organotypic brain slice model

Log Median Neural Network

Predictor Predictor

Sample Size (Avg. LOO) (Avg. LOO)

Training Test Training Test Training Test

PS-COOH 74862 14972 0.63 0.57 0.92 0.59

PS-PEG(1k) 180450 36090 0.25 0.20 0.95 0.70

PS-PEG(5k) 119583 23917 0.32 0.09 0.83 0.22

PS-PEG(10k) 61613 12323 0.42 0.41 0.85 0.71

Average/Total 436507 87301 0.41 0.32 0.89 0.55
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3.3 Conclusions

We are able to predict nuanced properties of nanoparticle formulations based purely on MPT datasets

in in vitro environments using neural networks. These include surface charge, PEG grafting density, and

PEG chain length. This has potential impact in the use of nanoparticles as biological probes. If nu-

anced aspects of nanoparticles and their surrounding environment can be differentiated solely based on

their trajectory features, nanoparticle transport properties can be used as a surrogatemeasure of biological

events. Furthermore, subpopulations of nanoparticles can potentially be distinguished from each other

in dynamic processes without needing any complex labelling protocols.
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4
Methods

4.1 Nanoparticle preparation and characterization via dy-

namic light scattering

4.1.1 Nanoparticle preparation

Fluorescent carboxylate (COOH)-modified polystyrene latex (PS) nanoparticles (PS-COOH) (Fisher Sci-

entific, Hampton, NH) were covalently modified with methoxy (MeO)-poly(ethylene glycol) (PEG)-

amine (NH2) (5kDa MW, Creative PEG Works, Winston-Salem, NC) by carboxyl amine reaction (18).
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Briefly, 50-100 μL of PS-COOH particle suspension was washed and resuspended to 2- to 6- fold dilu-

tion in ultrapure water. An excess ofMeO-PEG-NH2was added to the particle suspension andmixed to

dissolve the PEG. N-Hydroxysulfosuccinimide (MilliporeSigma, Burlington, MA) was added to a final

concentration of 7 mM and 200mMborate buffer, pH 8.2, was added to a 4-fold dilution of the starting

volume. 1-Ethyl-3-(3-dimethylaminopropyl) carbodiimide (EDC, Invitrogen, Carlsbad, CA) was added

to stoichiometrically complement the added MeO-PEG-NH2. Particle suspensions were placed on a ro-

tary incubator for 4 h at 25°C and then washed via centrifugation (Amicon Ultra 0.5 mL 100k MWCO;

MilliporeSigma) at conditions specified previously [11]. Particles were resuspended in ultrapure water to

the initial particle volume and stored at 4◦C until use.

100-nm fluorescent NH2-modified PS nanoparticles (Fisher Scientific) were covalently modified with

methoxy (MeO)-PEG-carboxyl (COOH) (5kDa MW, Creative PEG Works) by carboxyl amine reaction

using a similar method as described above.

4.1.2 Nanoparticle characterization

Thehydrodynamic diameter, polydispersity index (PDI), and ζ-potentialweremeasured forCOOH- and

PEG-coated fluorescent nanoparticles via dynamic light scattering (DLS) (NanoSizerZeta Series,Malvern

Instruments, Malvern, UK, n=3 measurements per sample). Particles were diluted to ~0.002% solids in

filtered (0.45μm,Whatman,Maidstone,UK) 10mMNaCl and incubated for 24 h prior tomeasurement.

4.1.3 Media preparation

Artificial cerebrospinal fluid (ACSF) was prepared with the addition of the following concentrations of

reagents to deionized (DI) water: 119 mMNaCl (MilliporeSigma), 26.2 mMNaHCO3 (MilliporeSigma),

2.5 mM KCl (MilliporeSigma), 1 mM NaH2PO4 (MilliporeSigma), 1.3 mM MgCl2 (MilliporeSigma),

and 10 mM glucose (MilliporeSigma). The solution was filtered (0.45μm) in a sterile environment and

stored at 4◦C. For individual experiments, aliquots of ACSFwere taken and CaCl2 added, then themedia
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was allowed to equilibrate at desired conditions (23◦C/37◦C and 5%CO2) for 1 hour and adjusted to the

appropriate pH (5.5, 7.2, or 8.5) with 0.2 mM HCl or 1 N NaOH.

4.1.4 In vitro particle aggregation via dynamic light scattering

Stock 1MCaCl2 andMgCl2 solutionswere prepared inDIwater, fromwhich0.5, 1.0, 2.0, 4.0, 5.0, 8.0, and

10.0mMdilutions were made. PS-COOH and PS-PEG nanoparticles were diluted in these salt solutions

to achieve a concentration of 0.002%solids. Nanoparticle suspensionswere allowed to sit for 24 hours be-

fore measuring their hydrodynamic diameters via dynamic light scattering (DLS) (NanoSizer Zeta Series,

Malvern Instruments, Malvern, UK). Number means were reported for static studies as recommended

by EU directive 2011/696/EU [93]. Z-average diameters were reported for aggregation studies. While z-

average values can be inaccurate for polydisperse samples, thesemeasurements are less vulnerable to noise,

and some inaccuracy is inevitable in high time resolution measurements via DLS.

4.1.5 Aggregation kinetics via dynamic light scattering

Particle-free media was allowed to reach temperature (23◦C or 37◦C) in the Zetasizer followed by a three-

minute equilibration period. Nanoparticles were quickly added and mixed to achieve a concentration

of 0.002%solids, and hydrodynamic diameter measurements were then taken every 10 seconds for 50

measurements (total time: 8minutes 20 seconds). Themeasurements were paused briefly in order to add

enough 1MCaCl2 solution to achieve 0.5mMCaCl2, and another 50measurements in 10-second intervals

were taken. This process was repeated for successive CaCl2 concentrations of 1, 2, 3, 4, 5, 6, 8, and 10 mM.

For pHmeasurements, ACSFwithout CaCl2 was prepared as described above. Aliquots of ACSFwere al-

lowed to equilibrate at the desired conditions (23◦Cand 5%CO2) for 1 h and adjusted topH7.2, andCaCl2
was added to achieve 3 mM concentration. Nanoparticles were added and mixed to achieve a concentra-

tion of 0.002%solids. Potentiometric titrations were performed to assess pH as a function of acid/base

added (see Figure A.1). Starting at pH 7.2, 0.2 M HCl or 1 N NaOH was added in 1 to 40 μL increments
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and the pH read until the pH reached either 3 or 11.

For kinetic studies as a function of pH, aliquots of ACSF were allowed to equilibrate at the desired con-

ditions (23◦C and 5%CO2) for 1 h and adjusted to pH 7.2, and CaCl2 was added to achieve 3 mM concen-

tration. Hydrodynamic diameters measurements were taken every 10 seconds for 50 measurements. The

measurements were paused briefly in order to add enough acid to reach the nearest 0.5 pH unit neighbor

(7.0 or 7.5) as calculated from the potentiometric curve above, and another 50measurements in 10-second

intervals were taken. Measurements were paused, acid/base added, and restarted at successive pHs (7.0,

6.5, 6.0, 5.5, 5.0, 4.5, 4.0, 3.5, and 3.0 for acid; 8.0, 8.5, 9.0, 9.5, 10.0, 10.5, and 11.0 for base).

4.1.6 Protein corona assay

Protein adhesion of serum-incubated nanoparticles was determined via bicinchoninic acid (BCA) as-

say (ThermoFisher). Briefly, nanoparticle suspensions of each particle preparation were spun down at

100,000 g. The supernatant was discarded, and the particle pellet was resuspended in 10mMNaCl. BCA

working reagent was prepared by mixing 50 parts Reagent A (sodium carbonate, sodium bicarbonate,

BCA, sodium tartrate, 0.1M sodium hydroxide) with 1-part Reagent B (4% cupric sulfate). In a 96-well

plate, 25μL of each nanoparticle sample was mixed with 200μL of the working reagent. The cover plate

was incubated at 37◦C for 30 min, and UV-Vis measurements were taken at 562 nm. In order to account

for nanoparticle fluorescence, serum-incubated UV-Vis measurements were normalized to UV-Vis mea-

surements of serum-free nanoparticles at the same concentration. Measurements were quantified using

a 5-point bovine-serum albumin (BSA) calibration curve with concentrations between 5 and 250 μg/mL.

4.1.7 PEG surface coverage NMR quantification

A calibration curve was prepared using H1 NMR (Bruker AV-300) for concentrations of PEG in a lock

solvent within the range of 1 and 5μL. Samples were prepared in CDCL3 (Aldrich) with 0.5% by weight

1,4-bistrimethylsilane (Aldrich) as an internal standard. The integral of the PEG peak at a shift of 2.6ppm
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was measured using Bruker Topspin 4.0.02 and plotted against the concentration of PEG in solution.

Samples of different particle-types were then prepared using the same internal standard. Particles were

lyophilized and weighed prior to being suspended in the lock solvent. Using the relationship between

integral and concentration derived from the calibration curve, the concentration of PEG in the solution

of dilute particles was calculated for each particle type.

The PEG surface density, [Γ], was calculated by dividing the mass of PEG on the nanoparticles by their

surface area. This value represents the number of PEGmolecules per 100nm2 on the nanoparticle surface.

[Γ] =
MPEG × 6.02 × 1023

(WNP ÷ ρNP)÷
(

4
3π
(

D
2

)3) ÷ 4π
(
D
2

)2

whereD is the diameter of the particle as determined by dynamic light scattering, ρNP is the nanoparticle

density, WNP is the total mass of nanoparticles after lyophilization and MPEG is the total moles of PEG

measured via H1 NMR [178]. The nanoparticle density, ρNP, is assumed to be equal to the density of the

polymer, 1.04 g/mL for polystyrene.

4.2 Additional characterization techniques

4.2.1 Rheological characterization of agarose gels

A rheometer (Physica MCR 301, Anton Paar, Graz, Austria) operating in oscillatory mode was used to

characterize themechanical properties of the differentweight percent agarose gels (0.4, 0.6, 0.8, and 1.0%).

A 25 mm parallel plate attachment (Anton Paar) was operated at a 0.5 mm gap for all experiments. Addi-

tionally, the base plate was set to 22◦C 30 min prior to the experiment and held constant throughout the

duration of the experimental window.

The linear viscoelastic region was first determined by performing a strain and frequency sweep on 0.4%

agarose following a 4 h incubation at 22◦C. For the strain sweep, the frequency was set to 1 Hz, and the
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storage and loss moduli were measured at various strains (0.1 – 10%). For the frequency sweep, the strain

was set at 2%, and the storage and loss moduli were measured at various frequencies (0.1 – 10 Hz). The

sweeps demonstrated that at 2% strain and 2 Hz, 0.4% agarose is in the linear viscoelastic region because

slight changes in strain or frequency do not change the measured storage modulus (Figure B.6).

Time sweeps were performed on all concentrations of agarose bymonitoring the storage and loss moduli

for 4 h upon removal from 99◦C stock solution. For 0.4, 0.6, and 0.8% agarose gels, time sweeps were

performed at a strain and frequency of 2% and 2 Hz, respectively. For the 1.0% agarose gel, time sweeps

were performed at a strain and frequency of 0.5% and 0.5 Hz to remain within the linear viscoelastic

region.

4.2.2 FACS cell uptake study

Brain sliceswereprepared from30 to40gPND14Sprague-Dawley rat pups. Sliceswere incubatedwith ei-

ther fluorescently labelled 100nmPS-COOHnanoparticles, PS-PEGnanoparticles, PS-COOHnanopar-

ticles incubated in horse serum, or PS-PEG nanoparticles incubated in horse serum at a concentration of

approximately 0.014% solids for 2 h. Slices were treated with Accutase (Millipore) for 30 min on ice and

homogenized. The tissue suspension was filtered through a tissue strainer and diluted inHBSS + 25 mM

HEPES (Fisher Scientific). The suspension was spun down at 600 g at 4°C for 5 min and the supernatant

discarded. The cell pellet was resuspended in FBS and mixed with a Percoll solution [30% Percoll (GE

Healthcare), 3% 10x PBS, 67% HBSS + 25 mM HEPES]. The Percoll cell suspension was overlayed with

1 mL FACS buffer (45 mLHBSS, 5 mL FBS, 0.5 mLHEPES). The cell suspension was spun down at 800

g at 4◦C for 30 min. The supernatant was discarded, and the cell pellet was washed 2x with FACS buffer.

The cells were stained with DAPI (Molecular Probes), FITC CD11b (BioLegend), and the CD11b isotype

PE Cy7 CD45 (BioLegend). Flow cytometry analysis was performed on the LSR II instrument (BD Bio-

Sciences). Laser lines and optical emission filterswere arranged as follows: DAPI: 355 nM20mWUV laser

and 450/50 emission detector; FITC: 488 nM 100 mW blue laser and 530/30 emission filter; Texas RED:

561 nM 150 mW yellow-green laser and 610/20 emission detector. Gating was performed using DAPI,
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FITC, and particle controls. Each sample measurement included 10,000 events.

4.3 Diffusion studies

4.3.1 Gel diffusion studies

0.4%agarose gels in ACSF (CaCl2 concentrations of 0, 3, 5, and 10 mM, pH 7.2) were prepared by adding

40mg agarose (low EEO, gel point for 1.5%gel, 36± 1.5◦C,MilliporeSigma) to ACSF. The agarose-ACSF

mixture was heated to 99◦C and mixed well until the agarose was completely dissolved, as indicated by

no visible particulates in the solution. 400 μL agarose-ACSF was added to a well in an 8-well imaging

plate and PS-COOHor PS-PEG nanoparticles were quickly added andmixed until evenly distributed to

achieve a concentration of 0.005%solids. Four samples were prepared per particle type-condition combi-

nation. The prepared gels were allowed to set overnight at room temperature. Prior to imaging, the gels

were allowed to incubate at 37◦C and 5%CO2 for 30 min.

Five videos were collected per well at 10 Hz and 100x magnification for 6.5 s via fluorescent microscopy

using a cMOS camera (Hamamatsu Photonics, Bridgewater, NJ) mounted on a confocal microscope

(Nikon Instruments, Melville, NY). Nanoparticle trajectories and trajectory features were calculated via

diff_classifier, a self-developed Python package [179]. A complete list of trajectory features, including a

brief description and method of calculation, is provided as Supplementary Table B.1.

For polydispersity-dependent studies, gels were prepared using the method described above in ACSF

without calcium chloride with either equal weight percent (20%) or equal number percent (20%) sam-

ples of 100, 200, 500, 1000, and 2000 nmPS-COOHor PS-PEGNPs. Videoswere collected and analyzed

using the same parameters described above.

For time-dependent aggregation studies, gels were prepared using the method described above in ACSF

with 5mM calcium chloride, but gels were not allowed to set overnight. Gels set for three hours to ensure

complete gelation, and videos were collected and analyzed at 0, 1, 4, and 24 hours prior to the three-hour
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gelation period.

For agarose concentration-dependent studies, 0.4, 0.6, 0.8, 1.0, and 1.2-percent agarose gelswere prepared,

corresponding to 40, 60, 80, 100, and 120 mg agarose in 10 mL ACSF, respectively. 100nm PS-COOH

nanoparticles were immediately added and mixed until evenly distributed to achieve a concentration of

0.005% solids. Two samples were prepared for each combination of particle size and gel stiffness. The

prepared gels were allowed to set overnight at room temperature. Five videos were collected in each well

(n=2 per particle type) using the same imaging setup described above.

For serum-treated diffusion studies, 100nm PS-COOH and 100nm PS-PEG nanoparticles were added to

separate samples of horse serum (Fisher Scientific) in a 1:100 dilution. Particles were incubated in serum

for 24 h at 37◦C. In order to ensure similar concentrations of nanoparticles in gels, particles were cen-

trifuged, and the pellet was resuspended in a volume of horse serum equivalent to the original starting

volume. Nanoparticle hydrodynamic diameter and zeta potential were measured using methods speci-

fied above. Themeasured hydrodynamic diameter distributions are shown in Figure 2.2b. Serum-treated

nanoparticles were loaded into 0.4% agarose gels in ACSF as described previously. MPT videos were

collected at 10 Hz and 100x magnification for 6.5 s and trajectories generated via diff_classifier.

For surface functionality-dependent diffusion studies, PS-COOH, PEG-modified PS-COOH nanopar-

ticles (PS(COOH)PEG or PS-PEG), PS-NH2, or PEG-modified PS-NH2 (PS(NH2)-PEG) nanoparti-

cles were added and mixed into 0.4% agarose gels constituted with ACSF with 2mM and 3mM calcium

chloride were prepared using a similar method described above. PS-COOH nanoparticles were used as

a control. Ten videos were collected in each well (n=2 per particle type) using the same imaging setup

described above.

For PEG grafting density-dependent diffusion studies, PS-PEG nanoparticles synthesized with 0.1x, 0.2x,

0.4x, 0.5x, 0.6x, 0.75x, or 1.0x excess PEG were added and mixed into 0.4% agarose gels constituted with

ACSF with 3mM calcium chloride were prepared using a similar method described above. PS-COOH

nanoparticles were used as a control. Ten videos were collected in each well (n=2 per particle type) using

the same imaging setup described above.

For PEGchain length-dependent diffusion studies, PS-PEG(1k), PS-PEG(5k), andPS-PEG(10k) nanopar-
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ticles were added and mixed into 0.4% agarose gels constituted with ACSF with 2mM or 3mM calcium

chloride using a similar method described above. PS-COOH nanoparticles were used as a control. Five

videos were collected in each well (n=2 per particle type) using the same imaging setup described above.

4.3.2 In vitro diffusion study in microglial cell culture

BV-2 immortalizedmicroglial cells (ATCC, CRL-2469) at passage 8 (P8) were cultured from frozen stock

at a seeding density of 2 million cells/cm2 in T-75 flasks (USA Scientific, Ocala, FL), yielding 70-80%

confluency in 7 days. Cell culture media (CCM) consisted of 90% Dulbecco’s Modified Eagle Medium

(DMEM; ATCC) with 4 mM L-glutamine adjusted to contain 1.5 g/L sodium bicarbonate and 4.5 g/L

glucose, 10% fetal bovine serum (FBS; ATCC), and 1% penicillin/streptomycin (Gibco, ThermoFisher).

After eight days, the cells were passaged to P9 and subsequently plated into four 35 mm dishes (ATCC)

at a seeding density of 700,000 cells/cm2. PS-COOH and PS-PEG nanoparticles were first prepared in

filtered (0.45μm) 10mMNaCl solution andmixedwithCCM.The cellswere incubatedwith the particles

for 30 min prior to imaging. During imaging, cells were maintained at 37◦C and 5% CO2 using Heracell

TriGas (ThermoFisher) incubation chamber. Five videos per sample were collected using the described

acquisition settings above.

4.3.3 Ex vivo diffusion study in organotypic whole hemisphere rat brain

slices

All experiments were carried out at the University ofWashington in accordance with National Institutes

of Health guidelines and local Institutional Animal Care and Use Committee regulations. Brain slices

were prepared from 30 to 40 g postnatal day 14 (PND14) Sprague-Dawley rat pups. Briefly, animals

were administered an intraperitoneal injection of pentobarbital (150 mg/kg). After euthanasia, animals

were decapitated and brains rapidly removed and immersed in cold dissecting media consisting of 500

mLHBSS (Fisher Scientific), 1% Penicillin- Streptomycin (MilliporeSigma), and 3.2 g glucose (Millipore-
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Sigma). 300 μm-thick coronal slices (n=2 per rat) were prepared using a McIlwain tissue chopper (Ted

Pella, Redding, CA). The tissue chopper and razor blades were washed with 70% ethanol prior to sec-

tioning. Slices were placed in a Petri dish containing dissecting media and separated under a surgical

dissection microscope. Individual slices were placed on 30 mm cell culture inserts (Fisher Scientific) in

6-well plates (Eppendorf, Hamburg, Germany), filled with 1.5 mL slice culture media containing 200mL

MEM (Fisher Scientific), 100 mL HBSS, 100 mL horse serum (Fisher Scientific), 4 mL Glutamax (Fisher

Scientific), and 1% Penicillin-Streptomycin. Slices were allowed to incubate in sterile conditions at 37◦C

and 5% CO2 overnight. 30 min prior to imaging, slices were incubated with nanoparticles at a concentra-

tion of approximately 0.014% solids. Slices were imaged in a temperature-controlled incubation chamber

maintained at 37◦C, 5% CO2, and 80% humidity. 10 videos were collected in the cortex of each slice, and

trajectories were calculated via diff_classifier [179].

For PEG chain length-dependent diffusion studies, 30 minutes prior to imaging, slices were incubated

with either 100nm PS-COOH, PS-PEG(1k), PS-PEG(5k), or PS-PEG(10k) nanoparticles at a concentra-

tion of approximately 0.014% solids. Slices were imaged in a temperature-controlled incubation chamber

maintained at 37◦C, 5% CO2, and 80% humidity. 10 videos were collected in the cortex of each slice and

trajectories calculated using methods described above.

4.3.4 Multiple particle tracking analysis and trajectory feature extraction

Nanoparticle trajectories were extracted from microscopy videos via a lab-developed Python package

diff_classifier for parallelized and reproducible MPT workflows [179]. The diff_classifier package relies

on a headless implementation of an ImageJ plugin TrackMate with tracking parameters selected with a

combination of user inputs and regression techniques based on input images [180]. Diff_classifier also

performs trajectory feature extraction based on features from theTrajClassifier ImageJ plugin [56] (e.g. α,

the anomalous diffusion exponent, and boundedness, which quantifies how much a particle is restricted

in a circular confined space). Based on 17 features (Table B.1), an additional set of 34 local average and

deviation parameters were calculated for 256 total 9μm x 9μm tiled rectangular regions in each video.
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4.3.5 PCA Analysis

A spatial checkerboard train-test split was performed on the geometric feature datasets from each exper-

iment. Every other square (of area 256 x 256 pixels2 in the checkerboard pattern was assigned to either

the training dataset or the test dataset. Principle component analysis (PCA) with feature scaling was car-

ried out on the training dataset of the experimental dataset. The sampling adequacy was found to be

appropriate (KMO> 0.8) [181]. Components were extracted to describe >80% of the total variance. The

resulting PCA transformation was applied to the test dataset for downstream analysis.

4.3.6 Neural network predictor

In order to evaluate whether trajectories can be used to predict particle properties or parameters of the

surrounding tissuemicroenvironment, neural networkswere trained using scikit-learn’sMulti-Layer Per-

ceptron Classifier using the trajectory features as inputs. An initial grid searchwas performed to select the

best hyperparameters of the neural network. These hyperparameters included initial learning rate, batch

size, and the L2 regularization term, with 10% of the training dataset set aside for cross validation. All

models used stochastic gradient descent for weight optimization, the rectified linear unit function for

activations in the hidden layer, the log loss cost function, and an adaptive learning rate decreasing the

learning rate by a factor of five each time two consecutive epochs fail to decrease training loss by 10−4.

All models were trained on on the chekcerboard training datasets described above. For slice studies, addi-

tional training and testing iterations was performed with an alternate splitting procedure, isolating data

from one slice as a test dataset to test whether the trained neural network models could be extended to

experiments outside the original dataset.
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5
Paper summaries

Systems-level thinking for nanoparticle-mediated therapeu-

tic delivery to neurological diseases

Curtis C.†, ZhangM.†, LiaoR.†,WoodT.†,Nance E.*. Systems-level thinking for nanoparticle-mediated

therapeutic delivery to neurological diseases. WIREs Nanomed Nanobiotechnol. (2016).

** selected cover image: Curtis C., Zhang M., Liao R., Wood T., and Nance E. Cover Image, Volume 9,

Issue 2. WIREs Nanomed Nanobiotechnol, (2017) 9:n/a, e1463. doi:10.1002/wnan.1463

doi:10.1002/wnan.1463
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Neurological diseases account for 13% of the global burden of disease. As a result, treating these diseases

costs $750 billion a year. Nanotechnology, which consists of small (~1-100 nm) but highly tailorable plat-

forms, can provide significant opportunities for improving therapeutic delivery to the brain. Nanopar-

ticles can increase drug solubility, overcome the blood-brain and brain penetration barriers, and provide

timed release of a drug at a site of interest. Many researchers have successfully used nanotechnology to

overcome individual barriers to therapeutic delivery to the brain, yet no platform has translated into a

standard of care for any neurological disease. The challenge in translating nanotechnology platforms into

clinical use for patients with neurological disease necessitates a new approach to: (1) collect information

from the fields associated with understanding and treating brain diseases and (2) apply that information

using scalable technologies in a clinically-relevant way. This approach requires systems-level thinking to

integrate an understanding of biological barriers to therapeutic intervention in the brain with the engi-

neering of nanoparticle material properties to overcome those barriers. To demonstrate how a systems

perspective can tackle the challenge of treating neurological diseases using nanotechnology, this review

will first present physiological barriers to drug delivery in the brain and common neurological disease

hallmarks that influence these barriers. We will then analyze the design of nanotechnology platforms in

preclinical in vivo efficacy studies for treatment of neurological disease, and map concepts for the inter-

action of nanoparticle physicochemical properties and pathophysiological hallmarks in the brain.

Exploring the interface of trajectory datasets and machine

learning in the biomedical and life sciences

Curtis C., Shackelford, D., Nance, E. Exploring the interface of trajectory datasets and machine learning

in the biomedical and life sciences. In preparation

Researchers in biomedical and life sciences fields are increasingly turning to multiple particle tracking

(MPT) as a method of data collection. Despite the application of MPT to a variety of problems in

biomedical fields, most papers share a common formula: MPT is used to quantify some magnitude of
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transport (e.g. diffusion coefficient), and an ensemble measure of central tendency is reported. In terms

of the ratio of raw data to the amount of data used, this approach has a low rate of return. However,

machine learning is one toolset that can potentially be leveraged by researchers to expand the utility of

MPT datasets.

In this review, we give an overview of the ways machine learning methods have been implemented using

trajectory datasets in the biomedical and life sciences literature. We also provide a brief overview of novel

machine learning techniques implementing trajectory datasets from the artificial intelligence and com-

puter science fields, including trajectory pre-processing steps, feature extraction, and machine learning

algorithms. These tools have been leveraged to answer a number of classification problems based on tra-

jectory datasets, including predicting whether a 3-point shot in basketball will be successful, determining

maritime vessel type, identifying suspicious behavior in surveillance video, and classifying human actions

(e.g. waving, throwing, jumping). With these tools, researchers should be able to apply these analyses

to virus, organelle, receptor, cell, nanoparticle, and other biological trajectory datasets. Trajectories can

classified based on properties of the moving agents (e.g. cell phenotype, nanoparticle surface functional-

ity, cell receptor activity) or aspects of the tissue microenvironment (e.g. state of inflammation or injury,

internalization state, tissue type).

Colloidal stability as a determinant of nanoparticle behavior

in the brain

Curtis C.†, Toghani D.‡,Wong B.‡, Nance E.* Colloidal stability as a determinant of nanoparticle behav-

ior in the brain. Colloids and Surfaces B: Biointerfaces (2018) 170, 673-682.

Drug delivery to the brain is challenging due to a highly regulated blood-brain barrier (BBB) and a com-

plex brain microenvironment. Nanoparticles, due to their tailorability, provide promising platforms to

enhance therapeutic delivery and achieve controlled release and disease-specific localization in the brain.

However, we have yet to fully understand the complex interactions between nanoparticles and the bio-
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logical environments in which they operate. It is important to perform a systematic study to characterize

nanoparticle behavior as a function of ion composition, concentration, and pH in cerebrospinal fluid

(CSF). These could alter nanoparticle biological identity and influence diffusive capability and cellular

uptake. In this study, poly(ethylene glycol) (PEG)-coated and carboxyl-coated polystyrene (PS-PEG and

PS-COOH respectively) nanoparticles (NPs) were used to evaluate the aggregation kinetics, colloidal sta-

bility, and diffusive capability of nanoparticles in conditions relevant to the brain microenvironment.

Size, surface charge, and surface coating were varied in a range of CSF ion concentrations and compo-

sitions, pH conditions, and temperatures. Small changes in calcium concentration and pH destabilize

nanoparticles in CSF. However, PS-PEG NPs remain stable over a wider variety of conditions than PS-

COOH NPs, and have higher diffusion capabilities in both agarose gels, an in vitro model of the brain

microenvironment, and an organotypic brain tissue slice model. These results demonstrate the need for

steric stabilization tomaintain nanoparticle colloidal stability in a wide range of conditions. Importantly,

colloidal stabilization allows for increased diffusive capability and can be used to predict diffusive behav-

ior in the brain microenvironment.

Predicting in situ nanoparticle behavior using multiple par-

ticle tracking and artifical neural networks

Curtis C.†, McKenna M.†, Pontes H., Toghani D., Choe E., Nance E.* Predicting in situ nanoparticle

behavior using multiple particle tracking and artificial neural networks. Submitted

While nanoparticle-based therapeutic platforms have shown promise to improve drug efficacy through

improved targeting, reduced toxicity, and enhanced stability, a limitation in the field is a lack of a systems-

wide model to describe nanoparticle transport in the body. In this paper, we demonstrate a machine

learning approach to evaluate the ability of artificial neural networks to predict both nanoparticle prop-

erties (size, protein adsorption) and aspects of the brainmicroenvironment (cell internalization, viscosity,

brain region) using large (>100,000) trajectory datasets collected via multiple particle tracking in in vitro
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gelmodels of the brain and organotypic brain slices. Our neural network achieved a 0.85 recall scorewhen

predicting gel viscosity based on trajectory datasets, compared to 0.49 using an obstruction scalingmodel.

When predicting nanoparticle size based on trajectory datasets, our neural network achieved a 0.90 recall

score compared to 0.83 using an optimized Stokes-Einstein predictor. Even in cases of more nuanced

output variables wheremathematical models are not available, such as protein adhesion, neural networks

retained the ability to distinguish between particle populations (recall score of 0.77). This demonstrates

the utility of nanoparticle trajectory datasets in probing local tissue microenvironments.

Design parameters of PEGylated brain-penetrating nanopar-

ticles

Curtis C, Helmbrecht H., Epstein E., Pontes H., Toghani D., Nance E.* Submitting

Nanoparticles have been lauded for their promise in addressing common barriers to effective drug deliv-

ery: a lack of sustained or controlled release, biological barriers, and non-specific and off-target effects.

Yet nanoparticle therapeutics are often viewed as a hammer and every potential disease a nail: a single

platform shows some success in one disease model and is used without modification to attempt to treat

an unrelated disease. Broad application of a single platform tomultiple diseases is difficult since the com-

plex interactions between nanoparticles and their biological environments is not yet fully understood. In

this paper we seek to address one aspect of nanoparticle-microenvironment interactions: howmodifying

nanoparticle surface properties affect nanoparticle diffusive ability.

PEG is a common modulator of nanoparticle behavior is polyethylene glycol (PEG). Adding a PEG sur-

face coating has been shown to improve nanoparticle stability as well as bequeath stealth properties. Re-

searchers have also investigated howPEGproperties (grafting density, chain length, surface functionality)

alters key biological interaction parameters including pharmacokinetics, biodistribution, and cell uptake.

However, it has yet to be demonstrated how these factors impact nanoparticle diffusive ability. In this

paper, we modulate nanoparticle surface functionality, PEG grafting density, and PEG chain length and
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observed changed in diffusive ability in an agarose gel model of the brain as well as an organotypic brain

slice model. Furthermore, we utilize neural network predictors to classify individual nanoparticle trajec-

tories by their particle type. Thesemachine learningmodels demonstrate that nuanced aspects of particle

design such as PEGgrafting density andPEGchain length canbedistinguished solely based on their trajec-

tories. This suggests the potential ofMPTdatasets of fluorescent probes to be used as surrogatemeasures

of nanoparticle properties in complex environments.

diff_classifier: Particle tracking parallelization

Curtis C.† Rokem A., Nance E.*. diff_classifier: Particle tracking parallelization. Journal Open Source

Software 4(36):989.

The diff_classifier package seeks to address the issue of scale-up inmulti-particle tracking (MPT) analyses

via a parallelization approach. MPT is a powerful analytical tool that has been used in fields ranging from

aeronautics to oceanography allowing researchers to collect spatial and velocity information of moving

objects from video datasets. Examples include:

• Tracking tracers in ocean currents to study fluid flow

• Tracking molecular motors (e.g., myosin, kinesin) to assess motile activity

• Measuring intracellular trafficking by tracking membrane vesicles

• Assessing microrheological properties by tracking nanoparticle movement.

While a variety of tracking algorithms are available to researchers, a common problem is that data analysis

usually depends on the use of graphical user interfaces, and relies on human input for accurate tracking.

For example, particle detection often relies on the selection of a quality threshold, a numerical quantity

distinguishing between “real” particles and “fake” Particles. If this threshold is too high, false positive

trajectories result in skewed MSD profiles, and in extreme cases, cause the code to crash due to a lack of

convergence in the particle linking step. If the threshold is too low, trajectories will be cut short resulting

in a bias towards short fast-moving trajectories and could result in empty datasets.

https://github.com/ccurtis7/diff_classifier
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Due to variations in experimental conditions and image quality, user-selected tracking parameters can

vary widely from video to video. As parameter selection can also vary from user to user, this also brings

up the issue of reproducibility. diff_classifier addresses these issues with regression tools to predict input

tracking parameters and parallelized script-based implementations inAmazonWeb Services (AWS), using

the Simple Storage Service (S3) and Batch for data storage and computing, respectively, and relying on the

Cloudknot software library for automating these interactions. Bymanually tracking a small subset of the

entire video dataset to be analyzed (5-10 videos per experiment), users can predict tracking parameters

based on intensity distributions of input images. This can simultaneously reduce time-to-first-result in

MPT workflows and provide reproducible MPT results.

diff_classifier also includes downstream MPT analysis tools including mean squared displacement and

feature calculations, visualization tools, and a principal component analysis implementation. MPT is

commonly used to calculate and report ensemble-averaged diffusion coefficients of nanoparticles and

other objects. We sought to expand the power of MPT analyses by changing the unit of analysis to in-

dividual particle trajectories. By including a variety of features (e.g., aspect ratio, boundedness, fractal

dimension), with trajectory-level resolution, users can implement a range of data science analysis tech-

niques to their MPT datasets.

3Dprinted coaxial nozzles for the extrusionof hydrogel tubes

toward modeling vascular endothelium

Millik S. C., Dostie A M., Karis D. G., Smith P. T., McKenna M.†, Chan N.†, Curtis C†, Nance E.,

ThebergeA.B.,NelsonA. 3Dprinted coaxial nozzles for the extrusionof hydrogel tubes towardmodeling

vascular endothelium. Biofabrication, accepted.

Engineered tubular constructs made from soft biomaterials are employed in a myriad of applications in

biomedical science. Potential uses of these constructs range from vascular grafts to conduits for enabling

perfusion of engineered tissues and organs. The fabrication of standalone tubes or complex perfusable
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constructs from biofunctional materials, including hydrogels, via rapid and readily accessible routes is

desirable. Here we report a methodology in which customized coaxial nozzles are 3D printed using com-

mercially available stereolithography (SLA) 3D printers. These nozzles can be used for the fabrication

of hydrogel tubes via coextrusion of two shear-thinning hydrogels: an unmodified Pluronic F-127 (F127)

hydrogel and an F127-bisurethane methacrylate (F127-BUM) hydrogel. We demonstrate that different

nozzle geometries can be modeled via computer-aided design (CAD) and 3D printed in order to gener-

ate tubes or coaxial filaments with different cross-sectional geometries. Finally, we show that these tubes

can be functionalized with collagen I to enable cell adhesion, and human umbilical vein endothelial cells

(HUVECs) can be cultured on the luminal surfaces of these tubes to yield tubular endothelial monolay-

ers. Our approach will enable the rapid fabrication of biofunctional tubular conduits that can ultimately

be utilized for engineering in vitro models of tubular biological structures.

A ferret model of encephalopathy of prematurity

Wood T., Moralejo D., Corry K., Snyder J., Traudt C., Curtis C†, Nance E., Parikh P., Juul S.* A ferret

model of encephalopathy of prematurity. Developmental Neuroscience, May 10:1-15.

There is an ongoing need for relevant animalmodels inwhich to test therapeutic interventions for infants

with neurological sequelae of prematurity. The ferret is an attractivemodel species as it has a gyrified brain

with a white-to-gray matter ratio similar to that in the human brain. A model of encephalopathy of pre-

maturity was developed in postnatal day 10 (P10) ferret kits, considered to be developmentally equivalent

to infants of 24–26weeks’ gestation. Cross-fostered P10 ferret kits received 5mg/kg of lipopolysaccharide

(LPS) before undergoing consecutive hypoxia-hyperoxia-hypoxia (60 min at 9%, 120 min at 60%, and 30

min at 9%). Control animals received saline vehicle followed by normoxia. The development of basic

reflexes (negative geotaxis, cliff aversion, and righting) as well as gait coordination on an automated cat-

walk were assessed between P28 and P70, followed by ex vivo magnetic resonance imaging (MRI) and

immunohistochemical analysis. Compared to controls, injured animals had slower overall reflex devel-

opment between P28 and P40, as well as smaller hind-paw areas consistent with “toe walking” at P42.
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Injured animals also displayed significantly greater lateral movement during CatWalk assessment as a

result of reduced gait coordination. Ex vivo MRI showed widespread white-matter hyperintensity on

T2-weighted imaging as well as altered connectivity patterns. This coincided with white-matter dysmat-

uration characterized by increased intensity of myelin basic protein staining, white-matter thinning, and

loss of oligodendrocyte transcription factor 2 (OLIG2)-positive cells. These results suggest both patho-

logical andmotor deficits consistent with premature white-matter injury. This newborn ferret model can

therefore provide an additional platform to assess potential therapies before translation to human clinical

trials.

Group B streptococcus exploits vaginal epithelial exfoliation

for ascending infection

Vornhagen J., Armistead B., Quach P., Santana-Ufret V., Boldenow E., Alishetti V., Melief C., Ngo L.

Y., Whidbey C., Doran K. S., Curtis C., Nance E., Rajagopal L*. Group B streptococcus exploits vaginal

epithelial exfoliation for ascending infection. J. Clinical Investigation (2018) 15(1):14.

Thirteen percent of pregnancies result in preterm birth or stillbirth, accounting for fifteen million

preterm births and three and a half million deaths annually. A significant cause of these adverse

pregnancy outcomes is in utero infection by vaginal microorganisms. To establish an in utero infection,

vaginal microbes enter the uterus by ascending infection; however, the mechanisms by which this occurs

are unknown. Using both in vitro and murine models of vaginal colonization and ascending infection,

we demonstrate how a vaginal microbe, group B streptococcus (GBS), which is frequently associated

with adverse pregnancy outcomes, uses vaginal exfoliation for ascending infection. GBS induces vaginal

epithelial exfoliation by activation of integrin and β-catenin signaling. However, exfoliation did not

diminish GBS vaginal colonization as reported for other vaginal microbes. Rather, vaginal exfoliation

increased bacterial dissemination and ascending GBS infection, and abrogation of exfoliation reduced

ascending infection and improved pregnancy outcomes. Thus, for some vaginal bacteria, exfoliation
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promotes ascending infection rather than preventing colonization. Our study provides insight into

mechanisms of ascending infection by vaginal microbes.
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A
Supplementary datasets to Chapter 1
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Figure A.1: Titration curves in ACSF. Titrations were performed in ACSF (4 mM CaCl2, pH 7.2) with
either PS-COOH or PS-PEG Nanoparticles at a concentration of 0.002% solids. For the acid curve, 0.2
MHCl was incrementally added and the pHmeasured. For the base curve, 1NNaOHwas incrementally
added and the pH measured. Measurements were taken such that the pH range 3-11 was covered. In the
pH range 6-9, the PS-COOHandPS-PEG curves differ very little. BelowpH6, pHdropsmore rapidly in
the solution with PS-COOH Nanoparticles. Above pH 9, the pH increases more rapidly in the solution
with PS-COOH Nanoparticles.
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Figure A.2: Hydrodynamic diameters of 10nmPS-COOHand PS-PEGNPs in increasing concentrations
of (a) 1:1 magnesium chloride:calcium chloride solution, (b) 1:1 magnesium sulfate:calcium chloride solu-
tion, and (c) magnesium sulfate:magnesium chloride solution (n=3). All values are reported as mean ±
SEM. Significance as compared with 0.5 mM condition are indicated by * p < 0.033, ** p < 0.002, *** p <
0.001.

FigureA.3: Hydrodynamic diameters of 60nmPS-COOHandPS-PEGNPs in increasing concentrations
of (a) calcium chloride solution, (b) magnesium chloride solution, and (c) magnesium sulfate solution
(n=3). (d)Hydrodynamic diameters of 100nmPS-COOHand PS-PEGNPs in increasing concentrations
of magnesium sulfate (n=3). All values are reported as mean ± SEM. Significance as compared with 0.5
mM condition are indicated by * p < 0.033, ** p < 0.002, *** p < 0.001.
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Figure A.4: Aggregation profiles of PS-COOH/PS-PEG NPs at 25◦C/37◦C in ACSF pH (a) 5.5, (b) 7.2,
and (c) 8.5 at increasing calcium chloride concentrations (n=5). All values are reported as mean± SEM.
Significance as compared with 0 mM condition are indicated by * p < 0.033, ** p < 0.002, *** p < 0.001.
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Figure A.5: Measured ζ-potentials of PS-COOH and PS-PEG NPs in ACSF with 3 mM CaCl2 as a func-
tion of pH.

Figure A.6: Representative frames from diffusion videos in gels with two different particle types (PS-
COOH and PS-PEG) and four different calcium concentrations (0, 3, 5, and 10mM) in ACSF. Scale bars:
10 μm.
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Figure A.7: Representative diffusion coefficient distributions of (a-d) PS-COOH and (e-h) PS-PEGNPs
in 0, 3, 5, and 10mM calcium chloride in 0.4% agarose gels constituted with ACSF asmeasured at 50, 100,
150, 200, and 250 ms time lags.
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Table A.1: Mean hydrodynamic diameters of 60, 100, 200, and 1000 PS-COOH and PS-PEG

nanoparticles measured in ACSF after 24 hour incubation at 37◦C. Data was collected via DLS

(n=3). All values reported are mean± SEM.

Particle Size

(nm)

Surface

Coating

Mean

Hydrodynamic

Diameter in

ACSF± SEM

(nm)

60 COOH 469.2 ± 42.3

60 PEG 77.7 ± 7.1

100 COOH 378.8 ± 63.5

100 PEG 125.7 ± 7.4

200 COOH 635.8 ± 20.8

200 PEG 350.3 ± 27.8

1000 COOH 1544 ± 65

1000 PEG 1233 ± 8
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Supplementary datasets to Chapter 2
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Figure B.1: (a) Ensemble-averaged precision-weightedMSD profiles of 100-nm PS-COOHNPs, PS-PEG
NPs, PS-COOH NPs incubated in horse serum, and PS-PEG NPs incubated in serum in 0.4% agarose
gel (n=2 wells, 5 videos per well). 95-percent confidence intervals (CIs) represented as semi-transparent
shaded regions. (b) Average component profile of PCA analysis stratified by particle type. (c) Principle
component distributions of PCA analysis stratified by particle type. (d) First three primary components
of 400 randomly selected trajectories per particle type from entire trajectory dataset plotted against each
other.
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Figure B.2: (a) Geometric ensemble-averaged precision-weighted MSD profiles of 100-nm PS-COOH
NPs, PS-PEG NPs, PS-COOH NPs incubated in horse serum, and PS-PEG NPs incubated in serum in
cortex of 300μm-thick rat brain slices (n=2 pups, n=2 slices per pup, 10 videos per slice). 95% confidence
intervals (CIs) represented as semi-transparent shaded regions. (b) Average component profile of PCA
analysis stratified by particle type. (c) Principle component distributions of PCA analysis stratified by
particle type. (d) First three primary components of 400 randomly selected trajectories per particle type
from entire trajectory dataset plotted against each other.
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Figure B.3: Example raw FACS data for surface functionality-dependent nanoparticle cell uptake study
in microglial cells in organotypic rat brain slice model. (a) Polygonal forward-scatter side-scatter gate to
filter out cell debris, (b) forward scatter-height and forward scatter-width gate to filter out cell doublets, (c)
DAPI gate to filter out dead cells, (d) FITC gate to filter out non-microglial cells, (e) Texas Red threshold
defining PS-positive cells, and (f) population map.
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Figure B.4: (a) Geometric ensemble-averaged precision-weighted MSD profiles of 100-nm PS-COOH
NPs in 0.4%, 0.6%, 0.8%, 1.0%, and 1.2% agarose gels (n=2 wells per condition). 95% confidence intervals
(CIs) represented as semi-transparent shaded regions. (purple: 0.4%, blue: 0.6%, teal: 0.8%, light-green:
1.0%, yellow-green: 1.2%). (b)Average componentprofile ofPCAanalysis stratifiedbypercent agarose. (c)
Principle component distributions of PCA analysis stratified by percent agarose. (d) First three primary
components of 400 randomly selected trajectories per size from entire trajectory dataset plotted against
each other.
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Figure B.5: The linear viscoelastic region of 0.4% agarose was determined by performing a strain (a) and
frequency (b) sweep following a 4 h incubation at 22◦C. For the strain sweep, the frequency was fixed at 1
Hz, and the storage and lossmoduliweremeasured at various strains (0.1 – 10%). For the frequency sweep,
the strain was fixed at 2%, and the storage and loss moduli were measured at various frequencies (0.1 – 10
Hz). The sweeps demonstrate that at 2% strain and 2Hz, the agarose gel is in the linear viscoelastic region
because minor changes in strain or frequency do not change the measured storage modulus.
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Figure B.6: (a). Geometric ensemble-averaged precision-weighted <MSD> profiles of PS-COOH and
PS-PEG NPs diffusing either intra- or extracellularly (n=2 wells per condition, 5 videos per well). 95%
confidence intervals (CIs) represented as semi-transparent shaded regions. (purple: PS-PEG out of cells,
blue: PS-COOH out of cells, teal: PS-PEG in cells, yellow-green: PS-COOH in cells). (b) Average com-
ponent profile of PCA analysis stratified by particle type. (c) Principle component distributions of PCA
analysis stratified by particle type. (d) First three primary components of 400 randomly selected trajecto-
ries per particle type from the entire trajectory dataset plotted against each other.
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Table B.1: Descriptions and calculations for each trajectory feature using trajectories frommultiple parti-
cle tracking.
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Table B.2: Classifier metrics using nanoparticle trajectories to predict particle type

(PS-COOH, PS-COOH in serum, PS-PEG, and PS-PEG in serum) in organotypic rat

brain slice model using a leave-one-out train-test split (n=2 pups, n=2 slices per pup).

Neural Network Neural Network Neural Network Neural Network

local avg. local avg. local avg. local avg.

3-1 train-test (1) 3-1 train-test (2) 3-1 train-test (3) 3-1 train-test (4)

TrainingTest TrainingTest TrainingTest TrainingTest

COOH 0.786 0.210 0.776 0.533 0.696 0.735 0.760 0.506

COOH in serum 0.849 0.706 0.832 0.714 0.791 0.634 0.866 0.330

PEG 0.475 0.069 0.322 0.039 0.510 0.105 0.504 0.045

PEG in serum 0.863 0.740 0.875 0.522 0.791 0.578 0.909 0.726

Avg/Tot 0.743 0.431 0.701 0.452 0.697 0.513 0.756 0.402
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Supplementary datasets to Chapter 3
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Figure C.1: PCA analysis of PEG grafting density-dependent diffusion study. (a.) Average component
profile of PCA analysis stratified by PEG grafting density (dark purple: PS-COOH, light purple: PS-
PEG(0.1x), blue-violent: PS-PEG(0.2x), blue-green: PS-PEG(0.4x), teal: PS-PEG(0.5x), seafoam green:
PS-PEG(0.6x), light green: PS-PEG(0.75x), and yellow-green: PS-PEG(1x)). (b., c.) Principle component
distribution of PCA analysis stratified by PEG grafting density.
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Figure C.2: PCA analysis of PEG chain length-dependent diffusion data in 0.4% agarose gels constituted
with (a., c.) ACSF (2mM CaCl2) and (b., d.) ACSF (3mM CaCl2). (a., b.) Average component profiles
of PCA analyses stratified by PEG chain length (yellow-green: PS-COOH, teal: PS-PEG(1k), blue: PS-
PEG(5k), and purple: PS-PEG(10k)) for data collected in 0.4% agarose gels constituted with (a.) ACSF
(2mM CaCl2) and (b.) ACSF (3mM CaCl2). (c., d.) Principle component distributions of PCA analyses
stratified by PEG chain length for data collected in 0.4% agarose gels constituted with (c.) ACSF (2mM
CaCl2) and (d.) ACSF (3mM CaCl2).
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Figure C.3: PCA analysis of PEG chain length-dependent diffusion data in an organotypic brain slice
model. (a.) Average component profiles of PCA analyses stratified by PEG chain length (yellow-green:
PS-COOH, teal: PS-PEG(1k), blue: PS-PEG(5k), and purple: PS-PEG(10k)). (b.) Principle component
distribution of PCA analysis stratified by PEG chain length.



129

Table C.1: Classification metrics for particles of varying PEG chain length in organotypic brain slice model

(Leave-One-Out for slices 1 and 2)

Log Median Neural Network Log Median Neural Network

Sample Size Predictor Predictor Sample Size Predictor Predictor

(LOO 1) (LOO 1) (LOO 1) (LOO 2) (LOO 2) (LOO 2)

Training Test Training Test Training Test Training Test Training Test Training Test

PS-COOH 33772 55914 0.67 0.42 0.91 0.41 87449 2187 0.60 0.58 0.93 0.78

PS-PEG(1k) 131041 85372 0.28 0.32 0.94 0.05 209745 6668 0.21 0.20 0.95 0.78

PS-PEG(5k) 134226 9163 0.38 0.11 0.89 0.25 136383 7006 0.27 0.08 0.86 0.28

PS-PEG(10k) 65294 8628 0.32 0.22 0.91 0.87 63378 10554 0.48 0.54 0.85 0.85

Avg/Tot 354333 159077 0.41 0.27 0.91 0.39 496955 26415 0.39 0.35 0.90 0.67

Table C.2: Classification metrics for particles of varying PEG chain length in organotypic brain slice model

(Leave-One-Out for slices 3 and 4)

Log Median Neural Network Log Median Neural Network

Sample Size Predictor Predictor Sample Size Predictor Predictor

(LOO 3) (LOO 3) (LOO 3) (LOO 4) (LOO 4) (LOO 4)

Training Test Training Test Training Test Training Test Training Test Training Test

PS-COOH 87488 2198 0.60 0.42 0.91 0.39 86221 3465 0.74 0.64 0.93 0.62

PS-PEG(1k) 208480 7933 0.22 0.23 0.94 0.75 163004 53409 0.35 0.05 0.95 0.93

PS-PEG(5k) 134409 8980 0.28 0.12 0.84 0.20 50043 93346 0.51 0.00 0.66 0.00

PS-PEG(10k) 67281 6641 0.49 0.44 0.86 0.84 55442 18480 0.21 0.16 0.79 0.54

Avg/Tot 497658 25752 0.40 0.30 0.89 0.55 354710 168700 0.45 0.21 0.83 0.52
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Table C.3: Classification metrics for particles of varying PEG chain length in organotypic brain slice model

(Leave-One-Out for slices 5 and 6)

Log Median Neural Network Log Median Neural Network

Sample Size Predictor Predictor Sample Size Predictor Predictor

(LOO 5) (LOO 5) (LOO 5) (LOO 6) (LOO 6) (LOO 6)

Training Test Training Test Training Test Training Test Training Test Training Test

PS-COOH 85045 4601 0.62 0.46 0.94 0.60 68365 21321 0.55 0.91 0.91 0.74

PS-PEG(1k) 178947 37466 0.20 0.15 0.95 0.94 190848 25565 0.22 0.26 0.95 0.71

PS-PEG(5k) 140698 2691 0.25 0.20 0.87 0.28 121186 22203 0.25 0.04 0.85 0.34

PS-PEG(10k) 66286 7636 0.53 0.67 0.86 0.53 51929 21993 0.51 0.46 0.85 0.62

Avg/Tot 470976 52394 0.40 0.37 0.91 0.59 432328 91082 0.38 0.42 0.89 0.60
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