
DESIGN OPTIMIZATION OF MICROFLUIDIC
DEVICES FOR RARE CELL CAPTURE

A Dissertation

Presented to the Faculty of the Graduate School

of Cornell University

in Partial Fulfillment of the Requirements for the Degree of

Doctor of Philosophy

by

James Paul Smith

January 2015



c© 2015 James Paul Smith

ALL RIGHTS RESERVED



DESIGN OPTIMIZATION OF MICROFLUIDIC DEVICES FOR RARE CELL

CAPTURE

James Paul Smith, Ph.D.

Cornell University 2015

The capture of rare cells from complex fluids, such as circulating tumor cells

(CTCs) from a peripheral blood sample, has the potential to significantly ad-

vance our understanding and treatment of disease. Here, we consider microflu-

idic devices designed to isolate rare cells by bringing them into contact with,

and binding the cells to, an antibody-functionalized obstacle array geometry.

Each downstream biomedical assay, such as single-cell genetic analyses or enu-

meration for the monitoring of disease progression, requires a different balance

of capture efficiency and sample purity in isolating the rare cells; this work

addresses that need for application-specific microfluidic device geometries by

presenting a series of numerical simulations for design optimization. We have

developed coupled computational fluid dynamics, particle advection, and cell

adhesion Monte Carlo simulations that predicts the probability of capturing tar-

get and contaminating cells in a given device geometry, and have applied these

simulations to the study the capture of prostate and pancreatic cancer cells. We

expand these simulations to consider the effect of dielectrophoresis (DEP), and

show that it is possible to apply DEP forcing within the obstacle array to simul-

taneously increase the capture of target pancreatic cancer cells (using positive

DEP) and decrease the capture of contaminating cells (using negative DEP). Fi-

nally, we present a transfer function approximation of cell transport in obstacle

arrays, and apply that approximation to study the effects of reversing arrays



and off-design boundary conditions. This work advances our understanding of

rare cell immunocapture in microfluidic obstacle arrays, lays the groundwork

for the experimental study of DEP–immunocapture devices, and presents an

engineering framework to identify optimized geometries for each unique rare

cell capture application.
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CHAPTER 1

INTRODUCTION

Rare cells have the potential to advance our understanding of biological sys-

tems, to inform the treatment of disease, and to serve as biomarkers that can be

used to detect disease and to monitor its progression (Fig. 1.1). Circulating tu-

mor cells (CTCs), which are shed from a primary tumor into the circulatory sys-

tem and thought to contribute to metastasis, have been used to quantify drug-

target engagement for chemotherapeutics [1]. Nucleated fetal cells circulating

in maternal blood can serve as a non-invasive alternative to amniocentesis [2].

Circulating epithelial cells (CECs) of pancreatic origin have been found in the

blood of patients with pancreatic cyst lesions, a high-risk group for developing

pancreatic cancer, and may serve as a marker for pancreatic cancer in advance of

other symptoms [3, 4]. Stem [5] and progenitor [6] cells have been isolated, cul-

tured ex vivo, and subsequently transplanted [5]. A challenge in studying these

cells is that they are extremely rare—e.g., CTCs are as rare as one per 100 million

blood cells [7, 8]—and thus require engineered solutions to isolate as many of

the target cells as possible while minimizing the number of contaminating cells,

such as leukocytes, that are captured.

A variety of techniques can be used to isolate rare cells. Differences in size

compared to contaminating cells (e.g., between CTCs and many blood cells) en-

ables streamline-separation [14] or filtration approaches [15]. Changes in the

cell membrane can lead to a differential electrokinetic response [16–18]. Sur-

face markers unique to the target rare cells can be used to identify them using

staining, or to capture them by antibody immobilization [19, 20]. Here, we con-

sider rare cell capture in geometrically enhanced differential immunocapture

1



Collect patient sample Isolate rare cells

Disease 

monitoring

Genetic 

assays

Functional 

assays

Culture, 

transplantion

Illustration adapted from ADAM Healthcare

Figure 1.1: The isolation of rare cells from a sample of biological fluid (such as
a peripheral blood draw) using microfluidic devices has the potential to enable
a wide variety of downstream applications, including functional assays eval-
uating drug–target engagement for chemotherapuetics [1, 9], the culture and
transplantation of stem cells [5,10], genetic assays [1,11,12], and the monitoring
of disease progression using enumeration techniques [3, 13].

(GEDI) devices (Fig. 1.2), which use microfluidic obstacle arrays to combine the

above techniques in one device. The arrays can be engineered to generate size-

and/or electrokinetic-dependent transport, bringing cells into contact with the

obstacles themselves, at which point antibodies functionalized on the obstacle

surface can bind to antigens on the cell membrane, capturing the cells (Fig. 1.3).

Each downstream application requires its own balance of capture efficiency

(i.e., sensitivity—the fraction of the target cells in a sample captured by the de-

vice) and sample purity (i.e., specificity—the ratio of target rare cells captured to

total cells captured, including contaminants). For example, single-cell genetic

analyses require high purity to minimize the time and cost spent analyzing con-

taminating cells; this contrasts with enumeration assays for disease progression

2



Figure 1.2: A GEDI microdevice (arrow), sealed with a polydimethylsiloxane
(PDMS) gasket held in place by a transparent compression jig, is shown on a
microscope stage during a visualization experiment. Working fluids enter the
device through Tygon tubing (left side) by use of a syringe pump, flows through
the obstacle array, and are discarded as waste through outlet tubing (right side;
obscured by the microscope objective).

Target rare cell 

Antibodies 

Flow 

Obstacle surface 

Binding 

Opportunity 

Figure 1.3: Obstacle arrays can be engineered in microfluidic devices to gen-
erate size- and/or electrokinetic-dependent transport (top), bringing cells into
contact with the obstacles themselves, at which point antibodies functionalized
on the obstacle surface can bind to antigens on the cell membrane, creating a
binding opportunity that could lead to capture (bottom).
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monitoring, in which high efficiency is needed for dynamic range and purity is

less important because contaminants can be rejected with staining. Trial-and-

error optimization of these systems is difficult owing to the logical difficulties

associated with patient samples. This dissertation aims to address those chal-

lenges by developing engineering tools to simulate cell capture in microfluidic

devices, allowing for the selection of an optimized, application-specific geome-

try before beginning experimentation.

In Chapter 2, we review the fundamental adhesion and transport mecha-

nisms in rare cell capture microdevices, and discuss device design strategies

with a focus on leveraging underlying transport phenomena to maximize de-

vice performance.

In Chapter 3, we develop particle advection, collision dynamics, and cell

capture simulations that predict the probability of capturing rare cells in a given

device geometry. We show that capture performance is strongly dependent on

the obstacle array geometry, and that it is possible to select an array geometry

which maximizes capture efficiency, while simultaneously enhancing purity by

minimizing non-specific adhesion of both smaller and larger contaminanting

cells.

In Chapter 4, we expand the simulations developed in Chapter 3 to include

the effects of dielectrophoresis (DEP) on transport and cell capture in obstacle

array geometries. We show that DEP forcing can be generated to differentially

attract rare cells to the obstacle capture surface using positive DEP (increasing

the probability of capturing rare cells) while simultaneously repelling contam-

inating leukocytes using negative DEP. The simulations predict the capture of

pancreatic cells increases 370–450% with DEP, while the capture of contaminat-

4



ing leukocytes is nearly eliminated.

In Chapter 5, we reduce particle advection and cell capture simulations for

one unit structure (i.e., the region around one obstacle in a large array) to a trans-

fer function, which can be applied iteratively to simulate cell transport and cell

capture in an arbitrarily large device at high fidelity and with a 74-fold reduc-

tion in computational cost. We leverage those computational savings to con-

sider transport in arrays with spatially varying geometries, and to study the

impact of off-design boundary conditions on device performance.

In Appendix A, we present an additional discussion of the computational

fluid dynamics, particle advection simulations, and Monte Carlo cell capture

simulations. We also discuss how the DEP force is modeled for the simulations

presented in Chapter 4.

I have also contributed to a number of works not discussed in this docu-

ment [1, 10, 18, 21]. In Kirby et al. [1], I conceived and design experiments and

simulations to characterize CTCs in a prostate-cancer-specific microfluidic de-

vice, performed the simulations, and analyzed the resulting data. In Gleghorn

et al. [21], I developed particle advection and collision dynamics simulations for

the rational design of microfluidic rare cell immunocapture devices. In Zhu et

al. [10], I performed simulations and provided design input that led to an eight-

fold increase in sample purity during the isolation of murine stem cells using

CD34+ selection. Finally, in Huang et al. [18], I analyzed experimental cell cap-

ture data and derived parameters to model cell capture for several cell types.

5



CHAPTER 2

MICROFLUIDIC TRANSPORT IN MICRODEVICES FOR RARE CELL

CAPTURE

2.1 Abstract

The isolation and capture of rare cells is a problem uniquely suited to microflu-

idic devices, in which geometries on the cellular length scale can be engineered

and a wide range of chemical functionalizations can be implemented. The per-

formance of such devices is primarily affected by the chemical interaction be-

tween the cell and the capture surface and the mechanics of cell–surface col-

lision and adhesion. As rare cell capture technology has been summarized

elsewhere [23], this article focuses on the fundamental adhesion and transport

mechanisms in rare cell capture microdevices, and explores modern device de-

sign strategies in a transport context. The biorheology and engineering param-

eters of cell adhesion are defined; adhesion models and reaction kinetics briefly

reviewed. Transport at the microscale, including diffusion and steric interac-

tions that result in cell motion across streamlines, is discussed. The review con-

cludes by discussing design strategies with a focus on leveraging the underlying

transport phenomena to maximize device performance.

The contents of this chapter were published as a review article in Electrophoresis entitled
“Microfluidic Transport in Microdevices for Rare Cell Capture” [22] and are reprinted here
with permission. Authors include: James P. Smith, Alexander C. Barbati, Steven M. Santana,
Jason P. Gleghorn, and Brian J. Kirby.

J.P.S. and B.J.K. convinced the idea for, and organization of, the paper. J.P.S. wrote Secs. 2.1,
2.5, and 2.6; B.J.K. wrote Sec. 2.2; J.P.S. and S.M.S. wrote Sec. 2.3; and J.P.S. and A.C.B. wrote
Sec. 2.4. J.P.G. and B.J.K. provided technical expertise and critical review. J.P.S. and B.J.K. edited
the paper.
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2.2 The rare cell adhesion problem

Capture of rare cells from complex samples is a long-standing goal of increas-

ing importance. Microfluidic devices have demonstrated impressive advances

in this area [23] because of the ability to customize geometry on length scales

comparable to cell size, a wide range of chemical functionalizations suitable for

microfluidic implementation, and the portability and inexpensiveness of mi-

crofluidic systems produced in quantity.

An important subset of rare cell capture devices use immunospecific sur-

faces for cell capture and enrich rare populations based on the specific na-

ture of the interaction of cell antigens with antibody-functionalized or aptamer-

functionalized surfaces. These devices have isolated CD4- and CD8-positive

cells in blood of HIV patients [24], CD34-positive endothelial progenitor

cells [6], and epithelial markers in circulating tumor cells (CTCs) of cancer pa-

tients [9, 15, 19, 20, 25].

The performance of rare cell capture devices is affected primarily by the

specificity and affinity of the chemical interaction and the mechanics of cell-wall

collision and adhesion. Modern immunocapture devices for rare cells use both

chemical and fluid-dynamic optimization to maximize efficiency and purity of

capture.

2.2.1 Surface markers

Capture based on surface markers has been influenced by the long history of

flow cytometry for cell enumeration and characterization in complex samples,

7



e.g., blood [26–29]. Many surface markers can be used to identify the lineage or

function of the cell. These surface markers are also informed by immunothera-

peutic approaches that seek to bind toxins, contrast agents, or energy transduc-

ers (e.g., gold nanoparticles) to specific cells [30–33].

Both physicochemical and biological concerns affect the importance of a cell

marker. Physicochemically, the ideal surface marker has an identifiable extracel-

lular domain for which antibodies or aptamers exist, is present at high density

on cells of interest, is as long as possible, and is not enzymatically cleaved in the

sample domain. Biologically, the ideal surface marker has a known function, is

correlated specifically to a desired cell subpopulation, and is not regulated by

mechanical forces experienced in microscale flow.

Some examples of common markers for cancer cells include epithelial ad-

hesion molecules such as EpCAM [34, 35], mucins such as MUC1, MUC4, and

MUC16 [36–39], and upregulated receptors such as the folate receptor, EGFR,

VEGFR, and Her2/neu [40]. Other markers (e.g., PSMA) often have unknown

function in the disease state but have well-established correlations with the de-

sired organ [41] and have been used to isolate cancer populations [1]. Stem

or progenitor cell characteristics associated with antigens such as VEGFR1,

VEGFR2, CD34, CD38, CD44, and CD133 are also often deemed important, ei-

ther because they identify tumor-initiating cells or because their existence high-

lights a population associated with angiogenesis and conversion from micro-

metastases to macro-metastases [42].

8



2.2.2 Cell sizes and distributions

Blood is dominated numerically and volumetrically by erythrocytes (6–9 µm),

thrombocytes (2–3 µm), and leukocytes (8–14 µm) [43]. Although blood cell pop-

ulations have reasonably tight size distributions, rare cells often have widely

variable and dynamic sizes, as demonstrated for progenitor cells, fetal cells, and

circulating tumor cells [14]. Size alone is insufficient to identify rare cells, but

provides a distinguishing characteristic; for example, erythroblasts and circu-

lating tumor cells are both large relative to most blood cells. A key confound-

ing issue is that the rare cells of scientific interest are often heterogenous and

dynamic; as they play a dynamic role in human development and disease, dif-

ferentiation and adaptation often cause these cells to change in size with time

and environment via exosomal shedding and other processes [44, 45] making

the instantaneous distribution of sizes in the population relatively broad.

2.2.3 Impact of efficiency and purity on downstream measure-

ments

Efficiency and purity are both important in rare cell capture applications. Con-

sidering the rare cell capture device as a sensor, these attributes can be thought

of as the two axes on the receiver operating characteristic curve that character-

izes the sensor, as shown in Fig. 2.1. The capture efficiency defines the fraction

of target cells that are captured by the device (the true positive rate or sensitivity

in sensor parlance). The capture purity defines the fraction of captured cells that

are target cells (one minus the false positive rate or 1−specificity).
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Figure 2.1: An example of a receiver operating characteristic (ROC) curve,
which shows the sensitivity of a rare cell capture device; in this example we
consider only cancer cell capture versus capture of leukocytes, the most com-
mon contaminant. A given geometry, antibody, and velocity results in a balance
between cancer cell capture efficiency (true positives) and leukocyte capture ef-
ficiency (false positives). A practical device (blue dashes) has an ROC curve
between pure chance (red dots) and a theoretical perfect test (green line).

Either efficiency, purity, or both may be important for a specific application.

High efficiency enables the study of rare events, such as the capture of CTCs

from whole blood, while low efficiency prohibits such studies. Flow cytome-

try, for example, is relatively ineffective at handling rare cell events because all

cells are analyzed and finding a rare cell (e.g., a CTC) requires enormous anal-

ysis. High purity enables direct downstream analysis, whereas low purity (i.e.,

enrichment rather than detection) requires an additional downstream step to

identify the cells of interest.

The relative importance of purity depends on the the downstream analy-

sis that follows rare cell capture. For capture techniques that use a down-

stream technique to identify false positives, the purity is of lesser importance

and priority is placed on efficiency. The Veridex CellSearch device and prede-

cessors [7, 13] are examples of low purity capture devices—immunostaining
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of EpCAM+-enriched cells distinguishes circulating tumor cells from contam-

inating leukocytes, so the relatively low purity of EpCAM+ enrichment does

not inhibit CTC enumeration. In fact, rapid detection can obviate enrichment

entirely [46]. Purity is also unimportant when looking for genetic markers spe-

cific to the target population and absent from contaminants, for example when

looking for cancer-specific gene fusions in CTCs [47]. In contrast, techniques

that proceed directly to downstream analysis (e.g., RNA analysis or epigenomic

modifiction) require high purity.

Because purity and efficiency have different importance in different applica-

tions, the best measures of merit encompass both of these factors. A specific im-

plementation is best characterized by its efficiency and purity, whereas a general

approach is often best evaluated by plotting the ROC curve in efficiency–purity

space where the position on the contour is a function of a critical parameter. For

example, the capture of rare cells from blood can be plotted in efficiency–purity

space as a function of mean flow velocity or flow rate, as shown in eqn. 2.1. The

area under this curve (i.e., AUC) gives a holistic evaluation of the quality of the

measurement approach rather than a specific parametric value.

2.3 Engineering parameters that affect cell adhesion

Cell adhesion is governed by several parameters: the local shear stress, the im-

munospecificity, and biorheology. Cell adhesion models consider these param-

eters and can predict capture, rolling, and release events.
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Shear stress. The local shear stress in a microfluidic device is a function of the

device geometry, flow rate, and fluid properties. Both the maximum shear stress

and the shear stress gradient can significantly impact viability as a cell traverses

the device; existing devices have shear stresses ranging from 0–0.03 Pa and have

captured CTCs [9,19,48] and endothelial progenitor cells [6] without significant

decreases in cell viability. Shear-induced damage to cells simultaneously dimin-

ishes the population to be sampled and also contaminates any immunocoated

surfaces with cell fragments. Therefore, the shear field and the geometry of sur-

faces with which target cells interact must be considered and assessed. Model

systems, such as cell lines or polystyrene microspheres, provide insight, but an-

ticipate only a subset of the physical issues of rare cell capture.

Immunospecificity. Immunocapture systems rely on the specificity of the lig-

and to a particular surface antigen. Key antigen considerations include speci-

ficity to a specific cell type or disease state, density and localization on the sur-

face of the cell, and dependence of expression on confounding variables. In a de-

vice where blood is the target system to be processed, the nonspecific adhesion

of leukocytes to surfaces can be substantial [15, 19]. Increased bond receptor–

ligand bond strength improves the AUC of the ROC curve and enables purity

to be increased by increasing local shear stress, within limits of viability.

Biorheology. The presence of the cells themselves leads to non-Newtonian be-

havior in whole blood, even though serum does not deviate from Newtonian

behavior enough to affect most microfluidic systems. Several basic characteris-

tics of biorheological flows are important for rare cell capture, including shear-

induced diffusion, margination, and the Fahraeus effect. Shear-induced diffu-
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Figure 2.2: Margination causes increased platelet density (ρp, shaded bars) at
the walls (z = 0 and 12, respectively), while erythrocytes are concentrated in
the center of the channel, as measured by the blood hematocrit (Ht, solid line).
Adapted from [53].

sion [49–52] describes the effective diffusion that particles in a dense suspen-

sion exhibit because particle–particle collisions in shear displace the particles;

this phenomenon is the primary source of diffusion for cells in whole blood (the

native diffusion for cells is very small). Deformable particles near walls feel a

lift force away from the surface, as a result of the shear gradient near the wall.

At large particle densities and in complex mixtures of different cell types (e.g.,

in blood, where the hematocrit or volume fraction of cells is of the same order

as the maximum packing fraction for spheres), stiffer cells tend to marginate,

meaning that they move toward the walls [53], as shown in Fig. 2.2. This pro-

cess is not well understood and is typically attributed to many-body dynamics

in blood. The Fahraeus effect describes the increase in particle volume fraction

or hematocrit in small channels—this is attributable to particles being forced

away from the walls, moving faster than the bulk solution, and therefore the

suspension must have a smaller bulk fraction of particles to satisfy particle con-

servation. The mechanisms behind these effects are discussed in more detail in

Sec. 2.4.
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Adhesion models and reaction kinetics. Cell-adhesion models consider both

the mechanical environment and the kinetics and thermodynamics involved in

binding reactions [54, 55]. Within the receptor–ligand models, forward and re-

verse reaction rate coefficients, and thus an associativity coefficient, describe

reaction kinetics [56]. Such models of reaction kinetics determine that these pa-

rameters are functions of local forcing, temperature, and receptor and ligand

(and bond complex/transition state) lengths and material properties [56, 57];

many of these parameters are dependent on each other in various models.

Bond times and contact times affect the adhesion probabilities of cells on im-

munocoated surfaces [58]. The force experienced by cells results from a combi-

nation of the device geometry, fluid velocity and viscosity, and cell deformation

and spreading, among other influences. Thus the sum of forces on the cell, in

conjunction with bond type and flow rate, lead to differential modes of cell ad-

hesion. As a cell adheres to an immunocoated surface, continued forcing with

a prolonged residence time leads to continued bond formation (given receptors

and ligands present) and greater adherence [58]. Given a short residence time,

and high stresses or rapid velocities for the chemistry under consideration, a

rolling event may ensue [58–60]. Continued motion is retarded by bonds teth-

ering the cell to the surface; as the cell continues to experience for a torque and

force as a consequence of the flow, it rolls about the point of adhesion. As cell

motion overcomes the strength of the formed bond, the cell continues to move

laterally, continually forming and breaking bonds, leading to detachment.

Numerical approaches for modeling these processes often include Brown-

ian adhesive dynamics implemented via boundary element methods. In these

techniques, forces are computed on deformable surfaces involving antibody–
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antigen pairs on the cell and surface by use of kinetic association and disso-

ciation rates. Bond strengths are typically described with harmonic potentials

and iterative generalized minimum residual solvers (GMRES) [61]. Periodic ap-

proximations at surfaces are often enhanced computationally by use of Ewald

summation [62].

2.4 Cell transport in microfluidic devices

Cellular motion in microfluidic devices arises from the interaction of the cell

with velocity, pressure, gravity, and electric fields. The velocity field (typically

generated by an external pressure difference) advects the particle, which ex-

periences pressure and viscous fluid stresses on its surface. The particle mo-

tion deviates from fluid motion owing to gravity, electrical fields, and particle–

boundary interactions.

The Reynolds number, Re, characterizes the ratio of inertial and viscous

forces,

Re ≡ ρU`

µ
, (2.1)

where ρ is the fluid density, U the characteristic velocity, ` a characteristic length

scale, and µ the dynamic viscocity. Recent work has employed moderate-to-

highRemicrodevices for rapid single-cell analysis [63], although most microflu-

idic systems for biological fluids result in length and velocity scales such that

Re� 1. Known as Stokes flow, this regime is of practical importantance for cell

capture devices, as the shear stresses are comparatively low; this review focuses

exclusively on flow in low Re systems.

The significance of cell transport in a Stokes flow system is that the fluid, if
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the particles are dilute, prohibits a neutrally buoyant, rigid particle from cross-

ing a streamline. Crossing of (or displacement onto adjacent) streamlines re-

quires the particle to interact with a boundary (e.g., an obstacle) or be subject

to forces exclusive of the fluid continuum (e.g., gravity, an electric field, or fluid

microstructure). A key observation from this last point is that the particle tra-

jectories within a device must be engineered to place cells in contact with the

target structure; if this is not the case, another phenomenon must be used to

affect cell position. Many of these phenomena are always present in microflu-

idic devices, whereas others contribute such a small amount that they may be

ignored. Batchelor [64] provides a thorough introduction to basic principles in

fluid mechanics and Russel, et al. [65] describes important concepts of Stokes

flow in detail. Here, we briefly discuss some of these phenomena, and then de-

scribe the transport phenomena behind some commonly used device platforms.

2.4.1 Diffusion

Diffusional transport occurs in all systems as a result of the random motion

of molecules forced by the thermal energy. The concentration evolution as a

function of time based on diffusion alone is

∂c(r, t)

∂t
= D∇2c(r, t) , (2.2)

where D is the diffusivity, c the concentration, r the position vector, and t time.

A similarity or Fourier integral transform solution or scale analysis yields a

characteristic time τdiff = `2

D
required for for a species to diffuse a length `. This

scaling is in contrast the convective motion of fluid, solutes, or cells, τconv = `
U

.

The ratio of the two transport timescales yields the mass transfer Péclet num-
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Table 2.1: Diffusivities and representative Péclet numbers for dilute analytes
in water at 25◦C. Diffusivities were calculated with eqn. (2.4); Péclet numbers
assume a 100 µm wide channel and 100 µm/s mean velocity.

Analyte D (m2/s) Pe
Na+, 100 pm 10−9 10
BSA, 100 Å 10−11 103

Viron, 100 nm 10−12 104

Bacterial cell, 1 µm 10−13 105

Erythrocyte, 10 µm 10−14 106

Polystyrene bead, 100 µm 10−15 107

ber, a parameter characterizing the dominant mode of transport

Pe ≡ τdiff

τconv
=
U`

D
. (2.3)

The diffusivity of ions, molecules, cells, and particles can be approximated by

the Stokes-Einstein relation,

D =
kBT

6πµa
. (2.4)

Here, kB is Boltzmann’s constant, T is the temperature, and a the Stokes radius

of the analyte. Table 2.1 provides a sampling of analytes, their diffusivites as

calculated by the Stokes-Einstein relation, and a representative Péclet number at

specific conditions. Importantly, the diffusivity of mammalian cells is extremely

small, and the Péclet number is large for isolated cells in any microfluidic flow.

Mammalian cells neither advect nor diffuse away from streamlines unless there

is external forcing.
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2.4.2 Deterministic cross-streamline motion

The previous analysis for convection considered inertialess flow without exter-

nal forcing, in which case there is no motion across streamlines unless contact

with a boundary occurs. Several additional cases are of interest: a system with

non-negligible inertia, a system where the particles have density much differ-

ent than that of the fluid, and a system where boundaries and fluid streams

are introduced that strongly affect the nature of the particle motion—typically

these effects leverage differences in particle size, although in some instances the

electrical properties of cells are exploited.

Particle inertial effects. Given the flow, the Stokes number measures the ten-

dency of the particle to deviate from the fluid streamline because its inertia re-

sists acceleration; the Stokes number is a ratio of the particle time scale, τp and

the flow time scale, τf . Typically, the particle time scale is taken as the force

on the particle divided by the mass of the particle: τp = 2ρpa2

9µ
. The flow time

scale depends on the physical characteristics of the flow, principally, how fast

the flow varies. Using the length scale of an obstacle, r, divided by the average

fluid velocity, U : τf = U
r

. For this case,

St ≡ τp
τf

=
2ρpa

2U

9µr
. (2.5)

In rare cell capture applications, the Stokes number is typically very small—the

particle length scale is typically smaller or on the same order as the obstacle

length scale (perhaps the characteristic length of an obstacle), and the densities

of the plasma and cell are within 10%. In this case, a particle faithfully follows

its fluid streamline.
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Body forces. Cells can be actuated by gravity or electrical forces. When the

particle density varies from that of the fluid, either flotation or sedimentation

results. From the previous analysis, density affects the ability of the particle to

trace fluid streamlines as well. However, particle motion due to density vari-

ations are mitigated by length scale and Reynolds number effects, so density

variations are often not a cause of particle pathlines deviating from stream-

lines. Electrical fields generated by the presence of particles, boundaries be-

tween fluids, and externally applied potentials can lead to electrophoretic or

dielectrophoretic forces as well.

Particle–wall interactions. Deformable cells or particles traveling along sur-

faces (e.g., in long straight tubes) experience a force away from the surface—this

force works against rare cell capture devices. Although this force is important

in many applications, rare cell capture microdevices are typically designed to

specifically avoid or overwhelm this force, and a detailed description of this ef-

fect rarely plays a central role in describing device performance. In contrast, the

displacement associated with cell–wall collisions and the downstream effect of

these collisions is often a central factor.

As a particle travels along a streamline that approaches a solid boundary,

the finite size of the particle prevents the particle center from moving closer

than one particle radius (for a rigid spherical particle) to the boundary; more

generally, deformable and nonspherical particles in general have a geometry-

and rigidity-specific approach distance. Regardless of the details, the result is

that the center of rare cells have a minimum distance from the surface; if the

streamline on which a cell is traveling approaches the surface more closely than

this distance, the resulting collision displaces the cell from the initial streamline
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and the cell pathline deviates from that streamline [15, 66–68].

2.5 Design strategies and applications in a transport context

The preceeding analysis shows that in the microdevice regime, particle trajec-

tories are predominantly described by fluid streamlines. The Péclet number is

typically very large and the Reynolds and Stokes numbers are both small. Col-

lisions must be induced by structures that induce cell motion perpendicular to

streamlines.

Rare cell capture at surfaces consists of a physical component: bringing as

many rare cells as possible into contact with a surface (efficiency) and keeping

most contaminating cells away from the wall (purity)—and a chemical com-

ponent: ensuring that rare cells encountered by the surface are captured (effi-

ciency) and that contaminating cells are not (purity). Thus the design of mi-

crofluidic devices can be split into the physical task of designing flows and ge-

ometries and the chemical task of designing surface functionalization schemes.

2.5.1 Designing flows and geometries

Near a straight, non-permeable wall, flow is parallel to the wall and motion

along a streamline does not carry a cell to the wall. To bring cells in contact to a

wall, we must either (a) depend on a diffusive process to cause cells to randomly

move transverse to streamlines, (b) apply a body force (e.g., gravity or dielec-

trophoresis) to move the cells transverse to streamlines, (c) create geometries in

the flow so that flow is accelerated, streamlines are compressed and the cells are
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effectively brought in proximity to the wall by motion along a streamline, or (d)

make the wall permeable and allow the streamlines to cross the interface.

Diffusion length and surface-area-to-volume ratio. Diffusional movement of

a cell to a wall is a governed by the Péclet number, which is a function of the

cell’s diffusivity and the length ` that the cell must travel. The highest rates

of diffusion-driven cell–wall interactions are realized by minimizing the Péclet

number and maximizing the surface-area-to-volume ratio; however, for most

microchannels, even the smallest analytes have Pe � 1 (Table 2.1). Therefore,

even in a limit where the surface-area-to-volume ratio is large, diffusion is in-

sufficient to induce much cell–wall interaction. Increasing the surface area by

shrinking the device improves performance for molecular analytes but still re-

sults in large Péclet number (low diffusion) flows for cells.

Velocity structures that fold or twist fluid streamtubes can shorten diffusion

length scales by reducing the characteristic size of the fluid domains, demon-

strated experimentally in Fig. 2.3. These flow structures occur naturally in high-

Re flows but are absent in many low-Re flows.

Chaotic advection is a term commonly used in the low-Re mixing litera-

ture [69–78]; in the context of cell motion toward a wall, chaotic advection uses

the exponential deviation of trajectories to amplify a small random diffusive

motion to a large effective motion. Thus a deterministic fluid flow can lead to a

chaotic cell trajectory if the fluid flow amplifies the random aspect of the cellular

diffusion. The characteristic length scale for chaotic advection scales as ln(Pe),

but diffusion in these systems is limited by nonchaotic flow near the wall, which

scales as Pe1/4. In either case, the diffusion times are reduced; this will increase
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Figure 2.3: Cross sections of the dye distribution in a microfluidic channel de-
signed to create staggered, time-dependent whorls or twist maps. Adapted
from Strook et al. [69]; used with permission.

capture efficiency if Pe is modest, but will have no appreciable effect if Pe re-

mains large.

Body forces. Body forces can be used to bring cells into contact with walls, es-

pecially in dilute suspensions, where cells are free to move without significant

particle–particle interactions. Gravitational forces result in settling when there

is a density difference between a cell and its surrounding media; capture effi-

ciency and purity can be enhanced if density or size is specific to the rare cell

phenotype. Gravity is commonly used to separate blood cells from each other
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and plasma using gradient centrifugation [79], but it is difficult to implement in

a microfluidic device, where gravitational acceleration would be limited to 1 g

and particle–particle interactions in whole blood result in comparatively slow

settling velocities.

Dielectrophoresis (DEP) results from particle polarization in a nonuniform

electric field and can be used to actuate cells in blood [80]. A cell’s DEP response

is a function of the properties of the cell membrane and the cytoplasm [81]. De-

pending on a cell’s polarizibility relative to the surrounding media, it may be

attracted to stronger electric field regions (positive DEP) or repelled (negative

DEP) [23]. Positive DEP can be used to trap a cell; negative DEP can be com-

bined with a nonuniform velocity field such that particles have different elution

times based on their DEP response (DEP field-flow fractionation) [80]. DEP is

difficult to implement in practice, however, as it typically requires that cells be

diluted in a buffer of controlled osmolarity and conductivity so that rare cells

and blood cells are actuated differently.

Obstacles. In the presence of bluff-body obstacles, diffusion is not required for

cells to come into contact with the surface—rather, the presence of the obstacles

deflects the fluid flow, inducing flow deceleration and streamline dilatation (at

the front and rear surfaces of the obstacle) with flow acceleration and streamline

compression (at the shoulders of the obstacle), as shown in Fig. 2.4. The com-

pression of streamlines brings cells into proximity with the surface as the cells

progress along a streamline. The presence of obstacles, independent of their

orientation with respect to each other, enhances the collisions of particles, in-

creasing the capture efficiency, for example, of circulating tumor cells captured

from blood [1, 15, 19]. Although adding obstacles to a cell-capture system does
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Figure 2.4: Distribution of two populations of particles approaching a circular
obstacle. Local streamline distortion enhances the collision of particles with the
obstacle, increasing efficiency in cell-capture systems (left). A prostate circulat-
ing tumor cell (PCTC) captured on a octagonal obstacle post (right) [15].

enhance the surface-area-to-volume ratio, the Péclet number is too large for the

surface-area-to-volume ratio to matter—it is the deceleration at the upstream

edge and the streamline compression at the shoulder that enhance cell capture

efficiency, not the reduction in characteristic diffusion length.

Obstacle arrays have several properties that lend themselves to microfluidic

cell transport applications. The rational array geometry, shown in Fig. 2.5, lends

itself to parametric engineering design studies, and can be optimized to control

particle motion [67, 82] and particle–obstacle collision dynamics [15]. Such ob-

stacle arrays are easy to fabricate with standard photolithography techniques,

and can be readily integrated into up- and downstream devices. The large num-

ber of obstacles in the array results in a system that is robust to local flow dis-

ruptions caused by fabrication errors and inlet and outlet conditions.

Obstacle arrays are notable in that they afford a physical means for enhanc-

ing capture purity in addition to capture efficiency. The distortion of stream-

lines and the deflection particles experience upon contact with obstacles leads
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Figure 2.5: An obstacle array’s rational geometry lends itself to parametric en-
gineering optimization.

both to enhanced capture (if the surface is functionalized with an appropri-

ate antibody) and, when capture does not occur, to deflection and transverse

displacement of particles. In obstacle arrays with no surface functionalization,

the deflection of particles has been shown to be size dependent [66–68], as the

streamline experienced by the particle center when in contact with an obsta-

cle is dependent on the size of the particle. Thus the streamline dilatation on

the downstream face of the obstacle leads to size-dependent particle separation,

which then leads to size-dependent trajectories as the particle separation causes

particles to collide with different sides of obstacles in the following rows. This

phenomenon has at times been termed deterministic lateral displacement, to con-

trast with diffusionally-driven size-based separation processes. Similar ideas

have been used for spatial particle separation; termed pinched-flow fractionation,

this technique uses the junction of two flows to press particles up against a sur-

face before a streamline expansion separates them [83]. Spatial separation of

cells based on size alone is often of limited use in rare cell capture from blood—
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although rare cells and particles can be smaller (virions) or larger (erythroblasts,

CTCs) on average than hematological cells, the sizes of rare cells has a broad

distribution, and size is often much less specific to the rare cell phenotype than

surface markers specified by immunocoated surfaces. If size-dependent cell tra-

jectories are combined with immunocoated surfaces, the observed cell efficiency

and purity are both improved [15]; this approach has been termed geometri-

cally enhanced differential immunocapture (GEDI). Fig. 2.6 shows collision fre-

quency as a function of particle size in an example GEDI geometry [1], high-

lighting the typical sharp transition between low and high collision frequency.

Porous boundaries. Cell transport towards solid boundaries is inherently lim-

ited by the no-penetration velocity condition at the boundary’s surface; stream-

lines near the boundary run parallel to it. One simple solution to enhance mo-

tion normal to the surface is to use porous walls combined with a transverse

pressure gradient. This results in target particles being pulled toward the wall

as the carrier fluid flows out of the channel [84]. Unlike porous filter-based

microdevices [85], particles are not trapped, but adhesion can be enhanced by

direct contact and a pressure-induced normal force.

2.5.2 Controlling particle adhesion

Having discussed geometries that bring rare cells into contact with an immuno-

functionalized surface, we turn our attention to the chemical task of design-

ing surface functionalization schemes. Successful capture requires an antigen

present in large numbers on the surface of the cell, an antibody specific to that

antigen, and a strong antibody–antigen avidity. In addition, the two binding
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Figure 2.6: Collision frequency versus particle size in a GEDI obstacle array
(left). The sharp transition between high and low collision frequencies is also
made evident by comparing particle trajectories (right). Size-dependent colli-
sion dynamics, combined with a specific immunocoated surface, maximize both
efficiency and purity.

sites must be spatially accessible to one another.

Once a cell comes into contact with the capture surface, the number and

avidity of potential antigen-antibody binding sites are key to overcoming fluid

forces that would otherwise dislodge the cell. For a specific antibody-antigen

pair, the capture efficiency decreases with increasing shear stress [48], as demon-

strated in Fig. 2.7.

The location of potential binding sites on the antibody and antigen are key
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Figure 2.7: LNCaP cell capture rates as a function of shear stress and capture
surface immunochemistry. J415 and J591 have similar affinities [86] but differ-
ences in binding site location result in J591 (located at the protein’s apical do-
main) outperforming J415 (located near the transmembrane domain). Adapted
from Santana et al. [48], with permission.

to successful capture. Regardless of binding affinities, both binding sites must

be sterically accessible to each other such that the bond can form. As an exam-

ple, two antibodies specific to PSMA, biotinylated-J415 and -J591, have similar

chemical affinities [86] but J415’s binding site is located near the transmembrane

domain of the protein, while J591’s binding site is located at the apical domain.

As such, steric repulsion makes it less likely that a wall-bound J415 antibody

will bind with a target cell’s PSMA than a J591 antibody. This distinction is

present only under flow and is not evident in an immunofluorescent experi-

ment. Fig. 2.7 shows the net result of this steric interaction; J591 outperforms

J415 in the capture of LNCaP prostate cancer cells [48].
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2.6 Conclusions

The performance of rare cell capture devices, as measured by capture efficiency

and sample purity, is primarily affected by two phenomena: the chemical inter-

action between the cell and the capture surface and the transport of cells to (and

their collision dynamics with) the capture surface. Modern rare cell immuno-

capture devices use both chemical and fluid-dynamic optimization to maximize

the efficiency and purity of capture.

Extracellular surface markers specific to the target cell enable capture of the

target cell and reject contaminating populations. Adhesion models consider the

mechanical environment, the kinetics of bond complexes resulting in receptor–

ligand interactions, the thermodynamics of the binding reactions, and the steric

effects of antigen location relative to a device wall. Most importantly, the inter-

play between fluid forces and adhesion can be optimized to reduce the effect of

nonspecific adhesion with respect to the specific targeted adhesion caused by

an immunocoated surface.

Flow near surfaces induces few cell–wall collision when the no-penetration

condition is satisfied; this boundary condition limits collision frequency but pro-

vides opportunities to optimize performance by using the fluid mechanics to

enhance purity based on mechanical properties of the cells. Porous surfaces

with finite penetration tend to maximize capture efficiency but do not add a

fluid-specific purification.

Mechanical property variation, most importantly size differences between

target- and non-target cells, can be leveraged to create size-dependent transport

and collision dynamics. Because steric interactions with surfaces are often the
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dominant source of cell motion across streamlines, bluff-body obstacles are si-

multaneously the simplest way to induce collision and generate size-dependent

transport across streamlines. In some systems, size-dependent transport can be

used to increase purity and therefore enhance overall system receiver–operator

characteristics.
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CHAPTER 3

PARAMETRIC CONTROL OF COLLISION RATES AND CAPTURE RATES

IN GEOMETRICALLY ENHANCED DIFFERENTIAL IMMUNOCAPTURE

(GEDI) MICROFLUIDIC DEVICES FOR RARE CELL CAPTURE

3.1 Abstract

The enrichment and isolation of rare cells from complex samples, such as circu-

lating tumor cells (CTCs) from whole blood, is an important engineering prob-

lem with widespread clinical applications. One approach uses a microfluidic

obstacle array with an antibody surface functionalization to both guide cells

into contact with the capture surface and to facilitate adhesion; geometrically

enhanced differential immunocapture is a design strategy in which the array

is designed to promote target cell–obstacle contact and minimize other interac-

tions [1, 15]. We present a simulation that uses capture experiments in a sim-

ple Hele-Shaw geometry [48] to inform a target-cell-specific capture model that

can predict capture probability in immunocapture microdevices of any arbitrary

complex geometry. We show that capture performance is strongly dependent on

the array geometry, and that it is possible to select an obstacle array geometry

that maximizes capture efficiency (by creating combinations of frequent target

cell–obstacle collisions and shear stress low enough to support capture), while

The contents of this chapter were published as a research article in Biomedical Microdevices
entitled “Parametric control of collision rates and capture rates in geometrically enhanced
differential immunocapture (GEDI) microfluidic devices for rare cell capture” [87] and are
reprinted here with permission. Authors include: James P. Smith, Timothy B. Lannin, Yusef A.
Syed, Steven M. Santana, and Brian J. Kirby.

J.P.S., T.B.L., and B.J.K. conceived and designed the experiments and simulations; J.P.S. de-
veloped and ran the simulations, and analyzed their results; Y.A.S. ran the experiments and
T.B.L. analyzed the resulting data. J.P.S. and B.J.K. wrote and edited the paper, with assistance
from S.M.S. (Sec. 3.3), and T.B.L. and Y.A.S. (Sec. 3.5).
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simulatenously enhancing purity by minimizing non-specific adhesion of both

smaller contaminant cells (with infrequent cell–obstacle collisions) and larger

contaminant cells (by focusing those collisions into regions of high shear stress).

3.2 Introduction

The capture of rare cells from complex samples, such as circulating tumor

cells (CTCs) from whole blood, is an important engineering challenge with

a wide range of clinical applications. Recent work has successfully isolated

CD34-positive endothelial stem [10] and progenitor cells [6], and CTCs from

cancer patients [9, 15, 19, 20, 25] with microfluidic devices. These devices can

be divided into two major categories: pressure-driven devices and those that

also use electrokinetic techniques (primarily dielectrophoresis). Within the for-

mer, cells can be isolated by size-based sorting (deterministic lateral displace-

ment [67, 82, 88, 89], inertial sheath flows [90]), size- and stiffness-based filtra-

tion [14, 85], and through antibody-mediated surface capture. Pratt et al. [23]

present a review of these devices; Smith et al. [22] review the fundamental trans-

port mechanisms that determine their performance.

This work focuses on the subset of rare cell capture microfluidic devices that

use an array of antibody-terminated obstacles to form their capture surface,

and details simulations to optimize their geometries. One such optimization

strategy has been termed geometrically enhanced differential immunocapture

(GEDI) [15], in which an array of obstacles is designed so that capture efficiency

is maximized by displacing target cells (e.g., CTCs) onto streamlines that result

in subsequent cell–obstacle collisions, while contaminant cells (e.g., leukocytes)
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Figure 3.1: Cell collision and capture events in microfluidic 2D arrays of cylin-
drical obstacles are governed by the array geometry, cell size, cell and surface
chemistry, and flow rate (and thus local velocity and shear stress). Large arrays
minimize edge effects and can be divided into “unit structures” with symmetric
boundaries; these unit structures can be repeated as needed to simulate arrays
of arbitrary size. The velocity field shown here is for a Γ = Λ = 150 µm array
with ∆ = 22 µm, 2r = 100 µm and a mean velocity of 100 µm/s.

are displaced onto streamlines that avoid additional cell–obstacle interactions.

Such an array is shown in Fig. 3.1, in which cell–obstacle collisions are gov-

erned by the spacing between rows (Γ) and columns of obstacles (Λ), the ob-

stacle (R) and cell radius (a), and the array offset (∆). Fig. 3.1 shows a “unit

structure”, the smallest unit of the array, consisting of one obstacle and the ve-

locity field around it; a unit structure has symmetric boundaries and can be

arrayed as needed to simulate a device of any size.
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Figure 3.2: For a cell in contact with the obstacle surface, the local shear stress, τ ,
ranges from zero at the leading and trailing edges (θ = 0◦ and 180◦, respectively)
to a maximum at the shoulder (θ = 90◦). The shear stress shown here is for a
representative array of Γ = Λ = 200 µm with ∆ = 0 µm, a mean velocity of 100
µm/s, and a 2a = 18 µm LNCaP cell.

Within these microdevices, the force on a spherical particle in Stokes flow in

the bulk fluid (i.e., far from a wall) is given by

Fbulk = 6πµaU, (3.1)

were µ is the fluid viscosity and U is the velocity at the particle center. Near a

wall, there is a correction

F

Fbulk
=

(
1− 9a

16d
+

a3

8d3

)−1

, (3.2)

where d is the distance from the particle center to the wall [64]. As contact oc-

curs, d→ a, and F
Fbulk

→ 16
9

. We linearize the velocity distribution near the wall,

and treat the dislodging force on a cell in contact with an obstacle as propor-

tional to the local transverse shear stress, τ , which is calculated as

τ (θ, r) = µ
dUθ
dr

∣∣∣∣
r=R+a

, (3.3)

where Uθ is the velocity tangential to the obstacle surface. The shear stress is

zero near leading and trailing edges and is greatest at the shoulder, where the

velocity gradient is largest (Fig. 3.2).
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We consider this dislodging force and the frequency of collisions between

cells and the capture surfaces with coupled computational fluid dynamics

(CFD), particle advection, and capture simulations for the identification of

GEDI-optimized array geometries and the design of high efficiency and high

purity microfluidic rare cell capture devices. These simulations are informed

by shear stress-dependent experimental capture data, collected in a Hele-Shaw

geometry [48], allowing for data from a simple device to be used to study arbi-

trarily complex geometries.

3.3 Modeling cell capture

Cell adhesion models include mechanical-force responses, cell adhesion kinet-

ics, mechanics, and modes [56,57], and cell deformation and biomolecule defor-

mation and rearrangement [54,55]. The most sophisticated simulations consider

these parameters and predict capture, rolling, and release events. Upon adhe-

sion to a surface, local forcing, reduced cell velocity, and long residence times

result in cell adherence owing to continued bond formation [58] or to cell rolling

owing to a series of bond formations and disassociations [59, 91].

Predicting cell adhesion probabilities and modes with detailed models re-

quires a priori knowledge, or at least estimates, of many parameters (e.g. re-

action rate coefficients, receptor densities, etc.); this information is often un-

available, especially in cases of rare, heterogeneous cells. In various models, as

in the physical system, many parameters are codependent [57, 58]. Addition-

ally, computational approaches require models for various physical parameters

(e.g. harmonic potentials for bond strengths [57, 61, 92], cell mechanical prop-
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erties [54, 93], and simplified fluid properties [22, 94]) and must make many

assumptions (e.g. periodic and uniform surfaces [62], continuum fields to rep-

resent concentrated suspension [95], and simplified geometries [94]).

Because detailed parameters are largely unavailable for rare cell capture ap-

plications, reduced-order models are a logical engineering approach. Decuzzi

and Ferrari [96] present a relatively simple exponential capture model for cell

capture in a linear shear flow, which was successfully used to study CTC capture

in microfluidic devices by Wan et al. [97]. This model predicts the probability of

adhesion in a simple channel as

Pcapture = mrmlK
0
aAcexp

(
− λ

kBT

Fdislodge

mrAc

)
, (3.4)

where mr and ml are the receptor and ligand surface densities, K0
a the receptor–

ligand association constant at zero load, Ac the contact area, λ the characteristic

receptor–ligand bond length, kBT the thermal energy, and Fdislodge the dislodg-

ing force. Rather than determining each of these parameters, we grouped them

into two lumped parameters,

A = mrmlK
0
aAc (3.5)

and

B =
λ

kBTmrAc
, (3.6)

which are experimentally determined constants specific to each combination of

cell and surface chemistry. We linearized Fdislodge as proportional to τ near the

wall, and discretized the model as

dPcapture = A exp (−Bτ) dt, (3.7)

where dt is the time that a cell is in contact.
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Figure 3.3: The shear stress-dependent capture of LNCaP cultured prostate can-
cer cells on a J591 surface chemistry was determined by Santana et al. [48]. Fit-
ting this data to an exponential capture model (eqn. 3.7) results inB = 85.5 Pa−1.

We selected LNCaP immortalized human prostate adenocarcinoma cells as

a model rare cell, and determined A and B for these cells in contact with sur-

faces functionalized with J591, a monoclonal antibody that targets the prostate-

specific membrane antigen (PSMA) expressed on LNCaP cells. Santana et

al. [48] used a Hele-Shaw microfluidic device, consisting of a shallow and wide

chamber that expands so as to create a region of monotonically-decreasing shear

stress from the inlet to the outlet, and reported LNCaP capture on a surface sat-

urated with J591 as a function of shear stress. Fig. 3.3 shows this experimental

data and a simple exponential fit, which yields a value of B = 85.5 Pa−1.

The constant A determines cell capture at a given shear stress. Gleghorn et

al. [15] report an overall capture of approximately 70% for LNCaPs and J591 in

a GEDI device with Γ = Λ = 200 µm, ∆ = 7 µm. This geometry was simulated

as described in Sec. 3.4 for LNCaP-sized cells (2a = 17.5 ± 1.5 µm [14]), iterating

on A until 70% capture was predicted; A = 3.44 × 10−2 s−1 was the result. We

approximated A and B as independent of 2a; a more sophisticated Hele-Shaw

experiment could group cells into different size distributions and use A(2a) and

B(2a) for the capture probability model.
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This modeling approach allows for the result of one experiment, performed

in a known Hele-Shaw geometry, to inform A and B for each specific combina-

tion of cell and surface chemistry. The resulting capture model lumps together

many effects (such as the balance between lubrication forces, cell and obstacle

surface irregularities, and van der Waals attraction) into two experimentally-

determined parameters and permits the computationally efficient study of a

large design space.

3.4 Computational methods

A CFD–particle advection simulation* was developed to track cells of vari-

ous sizes through a range of obstacle array geometries, calculating when cell–

obstacle contact occurred and the likelihood that a given collision results in cap-

ture. The simulation workflow consisted of three discrete steps performed in

series.

3.4.1 Computational fluid dynamics (CFD) simulations

COMSOL Multiphysics (COMSOL, Inc.) was used to solve the two–

dimensional Navier–Stokes equations and compute the fluid velocity field in

each obstacle array geometry. A subdomain of 5 by 20 obstacle unit structures

was simulated, with this subdomain size chosen based on the results of a con-

vergence study on the removal of edge effects. The boundary conditions con-

sisted of a uniform inlet velocity, U ; a zero-pressure outlet on the opposite end;

*A detailed discussion of the computational models, including validation steps, is presented
in Appendix A.
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and symmetry boundary conditions on the sides. U = 100 µm/s was used for all

inlet velocities, consistent with a 0.612 mL/hr flow rate in the 8.5 mm wide and

100 µm deep “GEDI chip” first described in Gleghorn et al. [15] and resulting in

a Reynolds number of

ReΓ =
ρUΓ

µ
≈ O

(
10−2

)
(3.8)

where ρ = 1000 kg/m3 and µ = 1 mPa·s represent the bulk density and viscosity,

respectively.

The x- and y-velocity components of the center obstacle unit structure were

interpolated onto a regular grid and saved; this unit structure has symmetrical

boundaries and was arrayed in later steps to simulate a device of any arbitarily

large length and width.

3.4.2 Cell–obstacle collision simulations

A custom, parallelized particle advection simulation was developed in MAT-

LAB (The MathWorks, Inc.) to track cells through each obstacle array. In this

system, advection dominates diffusion (Pe, the Péclet number, � 1), and par-

ticle inertial effects are negligible (St , the Stokes number, � 1). As such, the

cells were modeled as Lagrangian tracers, tracing the fluid streamlines unless a

cell–obstacle collision occurred, at which point a no-penetration condition was

enforced. A device 100 columns long was simulated by arraying unit structures

as previously described, with cells entering the array evenly spaced 5 µm apart

(this spacing was chosen as it resulted in the mean collision frequency being in-

dependent of the cells’ initial positions) and advected through the array by use

of a fourth-order Runge-Kutta integration scheme with adaptive time stepping.
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The number of collisions was averaged for each cell starting point and over

the length of the device, and is reported as the mean collision frequency for that

cell size and array geometry. Additionally, at each timestep for which a cell was

in contact with an obstacle, the angular position (with respect to the nearest

obstacle), the local shear stress, and the duration of contact was recorded for

later use in calculating capture.

3.4.3 Cell capture Monte Carlo simulations

To calculate capture, the discrete capture probability,

dPcapture = A exp (−Bτ) dt, (3.9)

(where dt is the timestep length, τ is the local shear stress, and the constants A

= 3.44× 10−2 s−1 and B = 85.5 Pa−1 were calculated as described in Sec. 3.3) was

calculated for every timestep where cell–obstacle contact occurred. This discrete

probability was compared to a psuedorandom number, dPrandom; if dPcapture ≥

dPrandom, that cell was “captured.” This stochastic process was repeated for N =

1000 replicates per initial position (determined based on a convergence study)

and the averaged value is presented as the mean capture probability for each

combination of cell size and obstacle array geometry.

3.5 Experimental methods

The Γ = Λ = 200 µm, ∆ = 7 µm GEDI device reported in Gleghorn et al. [15]

was used to capture LNCaP prostate cancer cells. The captured cells were fixed,
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stained, and their angular position with respect to the obstacles’ leading edge

was calculated.

3.5.1 Capture experiments

Microdevice preparation. The GEDI devices were functionalized with mono-

clonal J591 antibody (provided by Dr. Neil Bander, Weill Cornell Medical Col-

lege) as described by Kirby et al. [1]. The devices were then sealed with 3 mm

thick Polydimethylsiloxane (PDMS, 7:1 base:curing agent) gaskets held in place

with a compression jig. Working fluids enter and exit the device through 15

cm pieces of 0.020 inch ID Tygon tubing (Saint-Gobain) installed at the entrance

and exit ports of the device using 7 mm segments of 23 gauge stainless steel

tubing threaded through holes formed in the PDMS gaskets at the locations of

the ports.

Cell preparation. LNCaP cells were cultured in T75 tissue culture treated

flasks (Corning). The cells were incubated at 37◦C in RPMI-1640 culture media

supplemented with 10% Fetal Bovine Serum and 1% Penicillin-Streptomycin.

Upon reaching confluence the cells were treated with trypsin and resuspended

at a density of 1.5 × 103 cells/mL in a carrier solution consisting of Dulbecco’s

phosphate buffered saline with 1% bovine serum albumin and 1 mM ethylene-

diaminetetraacetic acid.

Microfluidic capture procedure. A three-way stopcock (Baxter) with one fe-

male and two male luer-lock ports was fitted with two 3 mL syringes (BD) and
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one blunt needle mounted to a male luer-lock fixture. The Tygon tubing extend-

ing from the entrance port of the assembled GEDI device was attached to the

blunt needle. Initially, one syringe is filled with deionized water while the other

was filled with cell-free carrier solution. The syringe containing the DI water,

with the stopcock assembly attached, was fitted into a syringe pump (Chemyx,

Inc.) set to a flow rate of 1.0 mL/hr. This flow rate was maintained in all sub-

sequent steps. DI water was flowed for 15 minutes, after which the syringes

were swapped (without removal from the stopcock assembly) and carrier solu-

tion was flowed for another 15 minutes. At this point the syringe containing DI

water was removed from the stopcock and replaced with an identical syringe

containing 1 mL of the pre-prepared cell suspension. This suspension was run

for 1 hour, thus flowing the entire volume of the suspension through the device.

Finally, cell-free carrier solution was again flowed for 15 minutes to ensure that

the dead volume of the stopcock that may contain any residual cell suspension

was flushed.

Fixing and staining cells. Upon completion of the capture procedure, the

compression jig was disassembled and the PDMS gasket was carefully removed

from the GEDI microchip. The captured cells were then fixed on-chip by incu-

bating for 15 minutes in PHEMO fixative (PHEMO buffer: PIPES acid, HEPES

acid, EGTA disodium salt, Mg-Cl2-6H2O, 10% DMSO) with 2% formaldehyde.

The cells were permeabilized with 0.1% Triton X-100 (Sigma-Aldrich) in PBS

and stained with DAPI (Invitrogen). The microchips were then mounted onto

glass coverslips with Mowiol.
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3.5.2 Image analysis

A Zeiss LSM 5 Live Confocal Microscope with a 10×, 0.3 NA objective was used

to image the capture surface of the GEDI chip. Individual fields of view were

tiled into one composite image of the entire chip at four vertical slices. Im-

ages were acquired with two different optical settings: one collecting backscat-

ter from the laser to image the reflection from the tops of the obstacles in the

GEDI device and the other with a 405 nm excitation laser and a 415–480 nm

bandpass emission filter to image the fluorescence from the DAPI nuclear stain.

A MATLAB script was used to take a maximum intensity projection of

each image tile along the depth of the chip and stitched the tiles into a large,

two-dimensional, two-channel image. To isolate obstacle-sized features in the

backscatter channel and cell nucleus-sized features (6–10 µm) in the DAPI chan-

nel, the script filtered each channel with a correspondingly tuned

difference-of-gaussians kernel. The script then found the locations and intensi-

ties of local maxima in the DAPI and backscatter channels, and a user-set bright-

ness threshold eliminated insufficiently bright local maxima (i.e., peaks that

arose from noise rather than obstacles or cells). All sufficiently bright backscat-

ter maxima were assumed to be centers of obstacles and all sufficiently bright

DAPI maxima were assumed to be centers of LNCaP cells. The script then de-

termined the location of the nearest obstacle center to the cell and defined a set

of local coordinates of each cell relative to the nearest obstacle center.
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3.6 Results and Discussion

Here we present one design study as an illustrative example of the model de-

scribed in Sec. 3.4, and discuss conclusions applicable to a wide range of target

cells and surface chemistries. We consider the capture of prostate cancer cells

with the goal of maximizing capture efficiency while simulatenously rejecting

contaminating cells through a combination of shear stress and cell size, both

large and small.

3.6.1 Simulations

Given the large parameter space (Γ,Λ,∆, a, r), we restricted our study to de-

vices 100 obstacles long and with spacings of Γ = Λ = 150 µm and R = 50 µm

obstacles. This results in a 50 µm gap between obstacles, which is large enough

to avoid clogging but still minimizes the overall device length. We normalized

these length scales by the row spacing, Γ, so that they may be applied to other

geometries as long as the flow rate is also scaled accordingly.

Identifying high-efficiency geometries. The first design objective for a rare

cell capture device is to isolate the target cells at high efficiency. Toward that

end, we studied LNCaP collision and capture performance for normalized off-

sets ranging from ∆/Γ = 0 (a straight array) to 0.5 (a hexagonal array). Fig. 3.4

shows these results for the geometry described above and a mean flow rate of

100 µm/s.

We note several trends that are broadly applicable: First, ∆/Γ = 0 and 0.5
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Figure 3.4: Collision frequency (top) and capture probability (bottom) as a func-
tion of normalized offset, ∆/Γ, for a 2a = 18 µm diameter LNCaP cell in a 100
row device at 100 µm/s mean velocity. Γ = Λ = 150 µm, R = 50 µm. Shaded
region represents one standard deviation for 3× 104 simulated cells.

result in cells being displaced onto streamlines which do not result in additional

cell–obstacle collisions, resulting in low collision frequencies and correspond-

ingly low capture rates.

Second, as ∆/Γ increases from zero, the collision frequency increases to

a maximum. As the distribution of cells enters the device, they must travel

through a finite number of unit structures before colliding with the first obsta-

cle. An array with ∆/Γ = 0 results in some cells never having a collision; as the

offset increases from zero, a cell travels through fewer unit structures before its

first collision. This trend is exacerbated in shorter devices.

Third, the abrupt transition from the maximum collision frequency to lower

values occurs as the cells transition from colliding on the offset-side of each
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subsequent obstacle to a more complex “zig-zag” collision trajectory; for ∆/Γ

larger than this “critical offset”, the sharp transitions in collision frequency for

varying ∆/Γ are a result of the collision pattern changing from one discrete

combination of collisions and misses to another. Some of these collision patterns

focus cells near the leading edge, where shear stress is low and residence time

high, resulting in spikes in the capture probability curve.

Finally, capture probability increases with increasing ∆/Γ, a result of cells

being more broadly distributed across the obstacle’s leading edge at larger ∆/Γ,

as compared to being concentrated in the high-shear-stress shoulder region at

small ∆/Γ.

Recalling our first design objective of capturing prostate cancer cells at high

efficiency, we select an offset of ∆/Γ = 0.18 and turn to our second objective,

maximizing sample purity.

Rejecting contaminating cells. Purity is enhanced by minimizing

contaminant–obstacle collisions and, when a collision does occur, engineering

the geometry so that it occurs in a region of high shear stress where capture

is unlikely to occur. Fig. 3.5 shows collision rates and capture probability

with a ∆/Γ = 0.18 geometry. Following a collision with an obstacle, contam-

inating cells smaller than a “critical diameter” of 2a = 17 µm are displaced

onto streamlines that do not impinge on subsequent obstacles, leading to a

near-zero collision frequency and a subsequently low capture probability—this

is in contrast with straight and hexagonal arrays [6, 19] (∆/Γ = 0 and 0.5,

respectively), which do not have size-dependent collision frequencies. Large

contaminating cells have frequent collisions but these interactions are focused
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Figure 3.5: Collision frequency (top) and capture probability (bottom) as a func-
tion of particle diameter, 2a, for a 100 row device at a 100 µm/s mean velocity.
∆/Γ = 16.67, Γ = Λ = 150 µm,R = 50 µm. Shaded region represents one standard
deviation for 3× 104 simulated cells.

near the obstacle shoulder, where shear stress is highest and the residence

time is shortest. Contaminating cells of the same size as the target cells have

the same collision frequeny, but are partially rejected from capture via the

immunospecificity of the antibody functionalization.

3.6.2 Experimental Verification

In addition to the aggregate capture probabilities described above, the model

predicts capture location on the obstacle with respect to the leading edge. We
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Figure 3.6: False-color composite brightfield image of a complete GEDI device
(scale bar: 3 mm), with inset showing DAPI-stained LNCaP nuclei (blue) and
automatically calculated cell centers (red dots) in a region of four obstacles (inset
scale bar: 100 µm). Note that the interference pattern observed is a result of
slight thickness nonuniformities following mounting.

compare these predictions to experimental capture data, extracted from mi-

croscopy images such as those in Fig. 3.6, to validate the simulation.

The experimental capture results agree with the trends observed in the simu-

lations. Most capture is observed in a region 30–90◦ from the leading edge of the

obstacle, with a bias toward the leading edge, where shear stress is lower than

at the shoulder (Fig. 3.7, top). The experimental results show a broader distribu-

tion owing to non-uniformities in cell size as well as the effect of captured cells

on both the fluid flow and other cells. Additionally, the GEDI chip [15] used in

the experiments reverses offset direction every 10 rows, so as to not systemati-

cally offset cells toward one side of the device. This reversal cannot be simulated

using the single obstacle unit structure approach described in Sec. 3.4, resulting

in additional entrance transition effects beyond what is captured in the simula-

tions. Although the reversal does not affect the shear stress encountered (and

thus the capture probability distribution from the leading edge), it does result
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Figure 3.7: Simulated and experimental capture probability distributions as a
function of angular position from the leading edge (top). Reversal in the offset
direction in the experiments does not affect the distribution from the leading
edge, but does redistribute some cells to the non-offset side of the obstacle (bot-
tom), an effect not captured in the simulations.

in some cells being captured on the non-offset side of the obstacle (Fig. 3.7, bot-

tom). This redistribution of some cells to the non-offset side of the obstacles also

has the beneficial effect of increasing the usable capture area of the device.

3.7 Conclusion

This work has developed a simulation for the collision and capture of rare

cells in microfluidic obstacle arrays, and shown that both collision frequency

and shear stress at each collision are important for the optimization of these

immunocapture devices. Using LNCaP prostate cancer cells as an illus-
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trative design study, we have identified a high-efficiency geometry which

has many LNCaP–obstacle collisions at moderate shear stress but infrequent

contaminant–obstacle collisions (for small contaminant cells). The simulation

uses one experiment evaluating capture at many shear stresses to inform the

study of arbitrarily complex geometries, and is readily adaptable to other target

cells and surface chemistries. These simulations are validated by a compari-

son between simulated and experimentally observed capture distributions as a

function of angular position around the obstacle surfaces.
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CHAPTER 4

ENHANCING SENSITIVITY AND SPECIFICITY IN RARE CELL

CAPTURE MICRODEVICES USING DIELECTROPHORESIS

4.1 Abstract

The capture and subsequent analysis of rare cells, such as circulating tumor

cells (CTCs) from a peripheral blood sample, has the potential to advance our

understanding and treatment of a wide range of diseases. There is a particu-

lar need for high purity (i.e., high specificity) techniques to isolate these cells,

reducing the time and cost required for single-cell genetic analyses by decreas-

ing the number of contaminating cells analyzed. Previous work has shown that

antibody-based immunocapture can be combined with dielectrophoresis (DEP)

to differentially isolate cancer cells from leukocytes in a characterization device.

Here, we build on that work by developing numerical simulations that iden-

tify microfluidic obstacle array geometries where DEP–immunocapture can be

used to maximize the capture of target rare cells, while minimizing the capture

of contaminating cells. We consider geometries with electrodes offset from the

array and parallel to the fluid flow, maximizing the magnitude of the result-

ing electric field at the obstacles’ leading and trailing edges, and minimizing

it at the obstacles’ shoulders. This configuration attracts cells with a positive

DEP (pDEP) response to the leading edge, where the shear stress is low and

residence time is long, resulting in a high capture probability; although these

The contents of this chapter have been submitted for peer review as a research article en-
titled “Enhancing sensitivity and specificity in rare cell capture microdevices using dielec-
trophoresis.” Authors include James P. Smith, Chao Huang, and Brian J. Kirby.

J.P.S., C.H., and B.J.K. conceived the simulation studies; J.P.S. developed and executed those
studies and analyzed their results. J.P.S. wrote the paper; J.P.S. and B.J.K. edited the paper.
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cells are also repelled from the shoulder region, the high local fluid velocity at

the shoulder minimize the impact on the overall transport and capture. Like-

wise, cells undergoing negative DEP (nDEP) are repelled from regions of high

capture probability and attracted to regions where capture is unlikely. These

simulations predict that DEP can be used to reduce the probability of captur-

ing contaminating peripheral blood mononuclear cells (using nDEP) by greater

than 99% while simultaneously increasing the capture of pancreatic cancer cells

(using pDEP) by 370–450%, laying the groundwork for the experimental study

of hybrid DEP–immunocapture obstacle array microdevices.

4.2 Introduction

The capture of rare cells from a peripheral blood sample has the potential to ad-

vance our understanding and treatment of a wide range of diseases [23]. Circu-

lating tumor cells (CTCs) are one example of a rare cell; shed into the circulatory

system from a primary tumor, they are theorized to contribute to cancer metas-

tasis and the formation of secondary tumors away from the primary site [98].

There is a need for devices that can capture CTCs and other rare cells at high

purity (i.e., high specificity; capturing the target rare cells while minimizing the

capture of contaminating cells) to facilitate subsequent downstream analyses.

This is particularly true for single-cell genetic analyses, such as gene expres-

sion [1, 99–101] and copy number analysis studies [11, 12, 102]; a higher sample

purity reduces the time and cost required by reducing the number of single-cell

analyses performed on contaminating cells.

Microfluidic devices have demonstrated impressive advances in the high ef-
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ficiency isolation of CTCs and other rare cells using immunocapture (i.e., op-

erating with high sensitivity; capturing most of the target rare cell popula-

tion) [1, 15, 19, 103, 104], but researchers often report low purity. We have previ-

ously shown that the immunocapture can be combined with dielectrophoresis

(DEP) to achieve a synergistic effect in a Hele-Shaw characterization microde-

vice, increase the capture of pancreatic cancer cells while decreasing the capture

of contaminating cells [18]. This Hele-Shaw device was designed to quantify

shear- and DEP-dependent capture on a flat, two-dimensional surface; it is not

designed to differentially attract rare cells to the capture surface while reduc-

ing the capture of contaminating cells. Here, we aim to extend that work by

developing numerical simulations that identify three-dimensional microfluidic

device geometries optimized for the high efficiency, high purity isolation of rare

cells using DEP–immunocapture.

DEP is an electrokinetic body force which acts on polarizable particles in a

non-uniform electric field, and has been used in a wide range of microfluidic de-

vices to separate cell populations based on differences in their electrical proper-

ties due to differences in cell origin or disease state [23,105]. The time-averaged

DEP force, 〈FDEP〉, on a spherical particle is given by

〈FDEP〉 = πεma
3<(fCM˜ )∇ (E0 · E0) , (4.1)

where εm is the permittivity of the medium, a is the particle radius, <(fCM˜ ) is

the real part of the complex Clausius-Mossotti factor, and E0 is the magnitude of

an externally applied electric field of angular velocity ω, E = E0sin(ωt); bolded

variables denote vectors, and an undertilde denotes the complex representation

of two real quantities. The complex Clausius-Mossotti factor is given by

fCM˜ =
εp˜ − εm˜
εp˜ + 2εm˜ , (4.2)
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where ε˜= ε− jσ/ω), j =
√
−1, and σ is the conductivity; the subscripts p and m

denote the particle and medium, respectively. As dielectrophoresis is governed

only by the real part of the complex Clausius-Mossotti factor, we depict <(fCM˜ )

in the remainder of this work as fCM for convenience. When fCM > 0, a particle

experiences positive DEP (pDEP) and is attracted to regions of high field magni-

tude and repelled from regions of low field magnitude; the reverse is true when

fCM < 0 and a particle experiences negative DEP (nDEP). It is possible to select

the frequency f so that target rare cells (e.g., CTCs) undergo pDEP while con-

taminating leukocytes (e.g., peripheral blood mononuclear cells, PBMCs) un-

dergo nDEP [16, 80, 106–112].

DEP has been used with microfluidic obstacle arrays to concentrate micro-

and nanoscale beads [113, 114], and to enrich cancer cell lines by DEP trap-

ping [106]. Separately, these obstacle arrays have been used to generate size-

dependent collision dynamics, bringing target cells into contact with the an-

tibodies on the obstacle surface, while displacing contaminating cells onto

trajectories with infrequent cell–obstacle collisions; this technique has been

termed geometrically enhanced differential immunocapture (GEDI) [1, 3, 15].

This work focuses on combining differential DEP response in obstacle arrays

with immunocapture, so as to capture target cells on the obstacle surfaces us-

ing antibody-antigen binding. Although the ideal DEP–obstacle array system

would generate a uniformly high electric field around the obstacles, attracting

cells experiencing pDEP to the obstacle capture surface, such a device would re-

quire electrodes on the side of each obstacle and would be difficult to fabricate

using conventional techniques. Here, we propose a practical alternative: a pair

of electrodes, offset from an offset from an array of dielectric obstacles, that gen-

erate a spatially varying electric field around the obstacles themselves. This ar-
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Figure 4.1: Antibody-functionalized obstacle arrays in a 2D microfluidic device
can be used to engineer differential particle transport (left inset) and cell capture
probabilities as a function of cell type, cell diameter (2a), array geometry (row
spacing, Γ; column spacing, Λ; obstacle diameter, 2r; row offset, ∆), and flow
rate. This paper studies the effect of dielectrophoresis (DEP)-assisted immuno-
capture, generated by applying an AC electric field to electrodes offset from the
array and parallel to the direction of fluid flow. Target cells undergoing pos-
itive DEP (pDEP) are attracted to the high electric field magnitude regions at
the obstacles leading and trailing edges (right inset), where the shear stress is
low and the residence time is long (supporting the capture of the target cells);
although they are also repelled from the low field magnitude regions at the
obstacle shoulders, the locally high shear stress and short residence time mini-
mizes the impact on overall capture. Likewise, contaminating cells undergoing
negative DEP (nDEP) are repelled from regions where capture is likely (i.e., the
obstacles’ leading edge) and attracted to regions where capture is unlikely (i.e,
the obstacles’ shoulder).

rangement addresses the practical concerns of fabrication, but results in regions

of both high and low electric field magnitude around the obstacles (Fig. 4.1,

right inset), requiring careful consideration of where to place the electrodes to

achieve the desired effect.
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Two geometric configurations are possible for the electrode pair: electrodes

offset from and along the length of the array (i.e., parallel to the fluid flow, as in

Fig. 4.1), or electrodes offset from and across the width of the array (i.e., paral-

lel to the inlet and outlet ends of the array). In this work, we are interested in

target cells that undergo pDEP and contaminating cells that undergo nDEP. As

such, electrodes along the length of the array offer a synergistic benefit with im-

munocapture: the magnitude of the resulting electric field is maximized at the

obstacles’ leading and trailing edges (Fig. 4.1, right inset), attracting our target

cells using pDEP to those regions, where shear stress is low and the residence

time is long; we have previously shown that this is where capture is most likely

to occur [87]. The electric field magnitude is minimized at the obstacles’ shoul-

der; although the resulting pDEP force repels our target cells, the high shear

stress and short residence time minimizes the role the shoulder region plays

in capture. Likewise, cells experiencing nDEP are repelled from regions where

capture is likely (i.e., the obstacles’ leading edge) and attracted to regions where

capture is unlikely (i.e, the obstacles’ shoulder). The remainder of this work fo-

cuses on simulating cell transport and capture in DEP–immunocapture devices

with electrodes offset and along the length of the device.

In addition to the electrode configuration, several other parameters govern

cell performance in these systems. Cell transport and cell–obstacle collision

dynamics (i.e., the collision frequency) are functions of the array geometry (row

spacing, Γ; column spacing, Λ; obstacle diameter, 2r; row offset, ∆), cell diame-

ter (2a) and the mean fluid velocity. For a given E0 field, fCM controls the sign

of the DEP response. Once a cell is in contact with the antibody-functionalized

obstacle surface, the probability that said contact results in cell capture is a func-

tion of the cell-antibody system, the distance and duration of contact, and the
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shear stress experienced by the cell (τ ) [87].

We have previously reported particle advection and cell capture simulations

that predict transport, collision behavior, and capture probability in these ob-

stacle arrays due to fluid advection and immunocapture [15,21,87]; these simu-

lations have been adapted to study a range of target cells [4, 115]. In this study,

we expand those existing numerical simulations to also include the effect of

DEP forcing, identifying geometries and applied AC electric fields that are op-

timized for DEP–immunocapture. We build on our previous characterization

studies [18] to inform a Monte Carlo cell capture simulation, and use that sim-

ulation to identify an optimized geometry to enhance the capture of pancre-

atic cancer cells with pDEP, while rejecting most contaminating leukocytes with

nDEP.

4.3 Computational Methods

We have adapted our previously-reported simulations [21, 87] to calculate cell

transport within a microfluidic obstacle array caused by fluid advection and

DEP forcing, predicting the cell trajectories in a range of geometries and applied

electric fields. These trajectories are then used in a Monte Carlo simulation, in-

formed by experimentally-measured capture parameters, to calculate the prob-

ability of capturing different cells within each geometry. These simulations*

occur in four discrete steps for each geometry, cell diameter, and cell–antibody

system:

*A detailed discussion of the computational models, DEP force calculations (and relevant
assumptions), and validation steps is presented in Appendix A.
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4.3.1 Fluid velocity field calculations

First, COMSOL Multiphysics (COMSOL, Inc.) calculated the fluid velocity field

within each obstacle array geometry by solving the steady, incompressible, two-

dimensional Navier–Stokes equations. The flow within a small domain of 20×20

obstacles (determined based on the results of a convergence study) was simu-

lated for a uniform inlet velocity of Uinlet = 100 µm/s in the +x direction along

the −x boundary and a zero-pressure outlet along the +x boundary. In this

system, the Reynolds number is small,

ReΓ ≡
ρUinletΓ

η
� 1, (4.3)

where ρ is the fluid density and η the viscosity, and the resulting flow is laminar

and independent of Uinlet so long as ReΓ remains much less than unity. The flow

around the central obstacle in this small domain was separated into its x- and

y-components and saved onto a regular grid; this velocity field represents one

“unit structure” with periodic boundary conditions that can be tiled to simulate

an obstacle array of arbitrarily large size. This process was repeated for each

geometry of interest, but is independent of the cell diameter and cell–antibody

system.

4.3.2 Electric field calculations

Next, COMSOL Multiphysics (COMSOL AB; Stockholm, Sweden) calculated

the time-averaged electric field in the absence of any particles, E0, by solving

Laplace’s equation. A 20 × 20 domain of obstacles was studied; a voltage V

was applied to the +y boundary, the −y boundary was treated as ground, and

the remaining boundaries (including the obstacles themselves) was treated as
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perfect insulators. V was chosen to generate a 100 V/cm gradient between the

±y boundaries. The resulting E0 field around the central obstacle was taken as a

unit structure with periodic boundary conditions and saved onto a regular grid,

as described in Sec. 4.3.1. Again, this process was repeated for each geometry of

interest, but is independent of the cell diameter and cell–antibody system.

4.3.3 Cell transport simulations

Third, a custom, parallelized particle transport simulation was developed in

MATLAB (The Mathworks, Inc.; Natick, MA, USA) to track cells through the

obstacle arrays. Fluid and DEP forcing is considered using a linear superposi-

tion of the fluid velocity field (u) and an equivalent DEP velocity field (uDEP) to

generate an effective velocity field (ueff),

ueff = u + uDEP. (4.4)

The equivalent DEP velocity field is calculated as

uDEP =
a2εffCM

6ηf
∇|E0|2, (4.5)

using E0 that would exist in the absence of the cell, calculated for each geometry

as described in Sec. 4.3.2. We approximate diffusion as negligible (Pe, the Péclet

number,� 1) and particle inertial effects small compared to the fluid and DEP

forces (St, the Stokes number,� 1). In the absence of DEP forces, each cell acts

as a Lagrangian tracer, passively following the fluid streamlines unless the cell

contacts an obstacle, at which time no-penetration condition is enforced. An ini-

tially uniform distribution of particles (spaced 5 µm apart; chosen based on the

results of a convergence study) is tracked through a simulated device 100 unit

59



structures long by use of a fourth-order Runge–Kutta integration scheme with

adaptive timestepping. Particles that do not transverse through a unit structure

in an arbitrarily large time (3000 s in simulation time) are flagged as “trapped,”

as occurs when when pDEP moves a cell into the stagnation point on the leading

edge of an obstacle and the fluid forces are unable to overcome the pDEP forc-

ing; unlike DEP devices that do not use immunocapture [16, 106, 113], trapping

is not our primary design goal, but it does facilitate immunocapture by hold-

ing a cell in a region where a low shear stress and long residence time makes

capture likely.

This process was repeated for each combination of cell diameter, fCM value,

and obstacle geometry. The number of cell–obstacle collisions (and misses) were

collectively reported as the mean collision frequency for that combination of

parameters. For each timestep in which cell–obstacle contact occurs, the fluid

shear stress (τ ), time-averaged DEP forcing (〈FDEP〉), and timestep duration (dt)

were saved for use in calculating the probability of cell capture.

4.3.4 Monte Carlo cell capture simulation

Finally, a shear- and 〈FDEP〉-dependent cell capture simulation was developed

in MATLAB, based on the model that we have previously reported [87]; this

model leverages our previous characterization experiments to inform cell ad-

hesion parameters specific to each cell–antibody system. The model was incor-

porated into a Monte Carlo simulation and used to calculate the probability of

capturing a given cell type with a particular geometry, DEP forcing, and anti-

body combination.
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Modeling cell capture. The capture of a moving cell on an antibody-

terminated surface is a function of many coupled mechanical and chemi-

cal events, including mechanical forcing (friction and cell deformation), cell

adhesion kinetics [56, 57], and the forming and deformation of individual

biomolecules [54, 55]. Although detailed models exist that consider all of these

forces and are able to predict cell adhesion, rolling, and release, they require

a detailed understanding (or at least estimates) of many adhesion parameters,

which are often unknown for rare cells.

We have previously reported on a reduced-order model as an engineer-

ing tool for the optimization of rare cell capture microdevices [87]; here, we

have adapted that model to include 〈FDEP〉-dependent cell capture parameters.

Briefly, we begin with an exponential model developed by Decuzzi and Fer-

rari [96] and used to study the capture of cancer cells in a microfluidic device by

Wan et al. [97]. This model predicts Pcapture, the probability of capturing a given

cell rolling along a surface, as

Pcapture = mrmlK
0
aAcexp

(
− λ

kBT

Fdislodge

mrAc

)
, (4.6)

where mr and ml are the receptor and ligand surface densities, K0
a the receptor–

ligand association constant at zero load, Ac the contact area, λ the characteristic

receptor–ligand bond length, kBT the thermal energy, and Fdislodge the dislodg-

ing force. As these constants are unknown for most rare cells, we group them

into two lumped parameters that are functions of the DEP forcing, A(〈FDEP〉)

and B(〈FDEP〉), which can be derived from experimental data fitting [18],

A(〈FDEP〉) = mrmlK
0
aAc (4.7)

and

B(〈FDEP〉) =
λ

kBTmrAc
. (4.8)
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Furthermore, we took Fdislodge as proportional to the local shear stress, τ , and

discretized the model to predict dPcapture for the length of each timestep, dt:

dPcapture = A(〈FDEP〉) exp
(
−B (〈FDEP〉) τ

)
dt. (4.9)

This model predicts capture probability as a function of the residence time and

shear stress; by varying the values of A and B as functions of 〈FDEP〉, the model

also accounts for changes in the contact area and normal forces as a result of

〈FDEP〉.

Experimental characterization of cell adhesion properties. In this work, we

use several pancreatic cancer cell lines (BxPC-3, Capan-1, and PANC-1) to model

pancreatic CTCs, and peripheral blood mononuclear cells (PBMCs) to model

contaminating leukocytes. We have previously reported a study characterizing

A and B as functions of 〈FDEP〉 using these cells and an anti-EpCAM antibody

in Huang et al. [18].

Briefly, a hybrid DEP and immunocapture Hele-Shaw flow cell was engi-

neered to simultaneously expose the cells of interest to varying shear stress as

they rolled along the antibody-functionalized device surface while an interdig-

itated electrode array generated a DEP force on the order of 10−9 N. The elec-

trodes were driven at 50 and 200 kHz; these frequencies were selected so that all

cells experienced nDEP at 50 kHz, and the cancer cells experienced pDEP while

the PBMCs experienced nDEP at 200 kHz (Table 4.1). The resulting capture data

informs A and B at several values of 〈FDEP〉. For each cell line, we found that A

(which governs the magnitude of Pcapture at a given shear stress) increases with

pDEP and decreases with nDEP; B (which characterizes the shear dependence

of Pcapture) remained constant regardless of DEP forcing.
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Table 4.1: The predicted DEP response (i.e., fCM) shows that pancreatic cells
undergo pDEP (fCM > 0) at 200 kHz while PBMCs undergo nDEP (fCM < 0);
all of the cells undergo nDEP at 50 kHz. Although the value of A varies with
〈FDEP〉 [18], over the range of 〈FDEP〉 seen in obstacle arrays with a 100 V/cm
applied gradient, A can be approximated as constant. The values of fCM shown
here inform the cell transport simulation; the values of A and B shown here
are used to calculate Pcapture. Note that the values of A reported in Huang et
al. include a factor of µ (µ = 1 mPa·s for water); here, we report values of A
without this factor, for consistency with our previous description of this capture
model [87] and for dimensional consistency with eqn. 4.9 in this work (values
from Fig. 2 and Table I in Huang et al. [18]).

DEP response (fCM) Capture parameters
f = 50 kHz f = 200 kHz A (s−1) B (Pa−1)

BxPC-3 –0.4188 0.1725 2.58× 10−2 108.97
Capan-1 –0.4080 0.2159 5.53× 10−3 76.29
PANC-1 –0.3763 0.3183 1.80× 10−2 130.46
PBMCs –0.4870 –0.3199 1.25× 10−2 73.98

In this work, the cell transport simulations described in Sec. 4.3.3 show that

the cells are exposed to DEP forcing on the order of 10−13 N when in contact

with the obstacle surface at the 100 V/cm applied gradient across the obstacle

array. As this is a much smaller range than the cells experience in the Hele-Shaw

characterization chamber (±10−9 N), we treated A as constant across the range

of 〈FDEP〉 the cells encounter in the obstacle array; cell transport is affected by

DEP in the obstacle array, but that the DEP forces are too small to affect capture.

The values of A and B used in this work are summarized in Table 4.1.

Monte Carlo simulation. For each cell of interest, the discrete cell capture

probability (dPcapture; eqn. 4.9) was calculated with the values of A and B in

Table 4.1 at each timestep in which cell–obstacle contact occurred. The discrete

probability was compared to a psuedorandom number, dPrandom, and a cell was

assumed captured if dPcapture≥ dPrandom. This process was repeated for 103 repli-
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cates for each starting particle (determined based on a convergence study), and

the average value was reported as the mean capture probability for that com-

bination of cell–antibody system, obstacle array geometry, and applied electric

field. Any particles which are flagged as “trapped” by the cell transport simula-

tion (i.e., they do not advect through a unit structure as described in Sec. 4.3.3)

are assumed captured due to DEP trapping.

4.4 Results and discussion

The effect of DEP on cells in microfluidic obstacle arrays has two components:

changes in transport and collision dynamics due to DEP forcing, and changes in

the cell capture probability that result from changes in the distance and duration

over which cell–obstacle contact occurs. Here, we explore these effects in an

illustrative geometry with Γ = Λ = 200 µm spacing and 2R = 100 µm diameter

obstacles.

4.4.1 Transport and collision dynamics

We study DEP’s effect on transport and collision dynamics in microfluidic ob-

stacle arrays by comparing the mean collision frequency for different particle

diameters with a range of fCM values in a 100 V/cm applied field; this is anal-

ogous to experimentally observing the trajectories of a given cell type while

varying the frequency of the applied field (and thus fCM). Fig. 4.2 shows the

mean collision frequency as a function of 2a for different values of fCM in a ∆ =

4 µm array. Several trends are notable:
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Figure 4.2: DEP alters cell trajectories within the microfluidic device, leading
to changes in the mean collision frequency for cells within a given device ge-
ometry. Advection dominates DEP at the obstacles’ shoulder, but the reverse
is true at the obstacles’ leading and trailing edges, where the fluid flow stag-
nates; as such, a cell’s response in the high electric field magnitude region at
the leading and trailing edges has the most effect on its trajectory through the
array. For medium and large cells (e.g., diameters B and C in this figure), pDEP
(fCM > 0) attracts the cells to the high field magnitude regions near the leading
and trailing edges, increasing the mean collision frequency and the time in con-
tact (which supports capture), whereas nDEP (fCM < 0) repels cells from these
regions. Likewise, pDEP forces small diameter cells (e.g., diameter A) toward
the region of high field magnitude, increasing collision frequency compared to
without DEP, but the overall collision frequency remains low. Although nDEP
does indeed repel these small cells from the high field magnitude regions, nDEP
displaces particle diameter A enough to cause a brief “grazing” cell-obstacle col-
lision, increasing the collision frequency; these grazing events are brief and oc-
cur where the shear stress is highest, so capture of these cells is unlikely. (Shown
here for an illustrative ∆ = 4 µm array).
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First considering the collision dynamics in the absence of DEP (i.e., fCM =

0; black line), we note the the sharp transition between infrequent collisions for

small particles and frequent collisions for relatively large ones that is charac-

teristic of a GEDI obstacle array geometry [15, 21]. For a given row and col-

umn spacing, this critical particle diameter (2acrit) is a function of the offset, ∆;

in Fig. 4.2, 2acrit = 12 µm. Without DEP, trajectories for particles smaller than

2acrit (e.g., A in Fig. 4.2) may have the occasional collision with an obstacle, but

that collision displaces the particle onto a trajectory which misses subsequent

obstacles, reducing the mean collision frequency. In contrast, after a collision

event, particles larger than 2acrit (e.g., B and C) are displaced onto a trajectory

that collides with the subsequent downstream obstacle, and thus have a high

mean collision frequency.

There are several interesting effects when the particles experience pDEP

(blue lines). All particles undergoing pDEP are attracted to the leading and

trailing edges of the obstacles (i.e., the obstacles’ ±x surfaces) due to the high

electric field magnitude adjacent to these surfaces; they are repelled from the

obstacle surface at the shoulders (i.e., the obstacles’ ±y surfaces) due to the low

field magnitudes adjacent to these surfaces (right inset, Fig. 4.1). The fluid ve-

locity is comparatively fast at the shoulder, resulting in much less time for the

pDEP force to act on a particle there as compared to a particle near the leading

and trailing edges; DEP forcing near the leading and trailing edges having a

more significant impact on particle trajectories than DEP forcing at the obstacle

shoulders. For particles much larger than 2acrit (e.g., C in Fig. 4.2), this attrac-

tion to the high field magnitude regions leads to an increase in the distance

and duration of cell–obstacle contact; the mean collision frequency is increased

because the distance required for a particle to have its first collision with an
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obstacle is decreased. Particles just larger than 2acrit in diameter (e.g., B) are

small enough (relative to the array geometry and the pDEP force) that they are

deflected around the non-offset side of the obstacle but still have frequent colli-

sions. Small particles (e.g., A) follow a similar trajectory, but the pDEP displace-

ment after a collision is insufficient to cause a collision with the downstream

obstacles; their overall collision frequency remains low.

nDEP (red lines) has a similar, but opposite effect: particles are repelled from

the obstacles’ leading and trailing edges due to the adjacent region of high elec-

tric field magnitude, and are likewise attracted to the shoulders due to the ad-

jacent region of low field magnitude; as is the case for pDEP, the DEP force at

the high field magnitude regions is more significant because the fluid velocity

is slower there. In general, the collision frequency for a given particle size (e.g.,

B and C in Fig. 4.2) is reduced by displacing the particles so that they do not

collide with subsequent downstream obstacles. A notable exception occurs for

relatively small particles: in the absence of DEP, they which weave around the

obstacles and collide infrequently; with DEP, they are displaced just enough to

have brief “grazing” collisions with the obstacles (e.g., A in in Fig. 4.2). This

leads to an increase in collision frequency as compared to without DEP; the

duration of these collisions and the high shear stress in that region reduce the

likelihood that they result in capture, reducing the practical significance of this

phenomenon.

Finally, we note that the collision dynamics in an obstacle array geometry

are sensitive to small changes in a particle’s position; this effectively ampli-

fies modest displacements due to 〈FDEP〉, as visible in the trajectories shown

in Fig. 4.2, where a small change in position due to DEP significantly alters the
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Figure 4.3: Modest displacements due to 〈FDEP〉 are amplified in the obstacle
array geometry. This amplification increases with increasing device length, in-
creasing the mean collision frequency (i.e., the collision frequency for all par-
ticles of a given diameter averaged over the length of the device) for particles
with fCM > 0 and decreasing the collision frequency for particles with fCM < 0
(shown here for 2a = 22 µm and ∆ = 4 µm).

trajectories in subsequent unit structures. This amplification is important be-

cause large DEP forces require a large applied voltage and are difficult to imple-

ment experimentally, especially in blood; for example, the 100 V/cm gradient

used here is an order of magnitude lower than the gradient used in filamen-

tary DEP devices [113]. Fig. 4.3 quantifies this effect for an illustrative 22 µm

diameter particle in a Γ = Λ = 200 µm array with ∆ = 4 µm. Without DEP,

we observe that the mean collision frequency increases with increasing device

length; each particle that enters an array must travel a finite distance before its

first collision, and entrance effects are less prominent in longer devices. With

pDEP (fCM > 0), DEP forcing attracts particles toward the obstacles’ leading

edge (where the field magnitude is high), reducing the entrance effect and in-

creasing the mean collision frequency compared to a device of the same length

without DEP; although these particles also experience a repulsive force near the

obstacles’ shoulder, the locally high fluid velocity minimizes the displacement

due to DEP. Likewise, nDEP (fCM < 0) repels particles away from the obstacles’
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leading edge and onto pathlines which do not result in further downstream col-

lisions, quickly reducing the mean collision frequency to near zero.

4.4.2 Cell capture probability

When considering rare cell capture, eqn. 4.9 shows that the shear stress, the

duration and distance of contact, and the cell-antibody system determine the

probability that a given cell–obstacle collision results in a cell being captured

onto the obstacle surface. Here, we explore the effect of DEP on cell capture

using pancreatic cancer cells (BxPC-3, Capan-1, PANC-1) as our target rare cell

and PBMCs as our model contaminating cell; in this example, our aim is to

maximize sample purity by selecting a geometry and applied electric field that

captures pancreatic cells while capturing as few PBMCs as possible. Fig. 4.4

shows the collision frequency and capture probability for our cells of interest

as a function of row offset (∆) for three DEP conditions: in the absence of DEP,

with a 100 V/cm applied field at 50 kHz, and with a 100 V/cm applied field

at 200 kHz. As shown in Table 4.1, all the cells experience nDEP (fCM < 0) at

50 kHz, and the pancreatic cancer cells experience pDEP (fCM > 0) while the

PBMCs experience nDEP at 200 kHz [18].

Briefly considering the effect of DEP and ∆ on the predicted collision fre-

quency, we note that at small offsets and 200 kHz, the pancreatic cells exhibit

an increase in collision frequency (due to pDEP) while the PBMCs exhibit a

decrease (due to nDEP); at small offsets and 50 kHz, collision frequencies are

decreased for all cells due to nDEP. At larger offsets and 50 kHz, there is a lo-

calized increase in the collision frequency for the pancreatic cells (e.g., for ∆ =
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Figure 4.4: Simulated collision frequency (top row) and capture probability
(Pcapture, bottom row) are shown vs. offset (∆) for four cell types: BxPC-3,
Capan-1, and PANC-1 pancreatic cancer cells; and peripheral blood mononu-
clear cells (PBMCs). At 50 kHz, all of the cells experience nDEP. At 200 kHz,
the pancreatic cells experience pDEP and are attracted to the obstacles, increas-
ing Pcapture; simultaneously, PBMCs experience nDEP at 200 kHz and are re-
pelled from the obstacles, decreasing Pcapture. Note that Pcapture for PANC-1 is
much lower than the other pancreatic cancer cells due its smaller A value (see
Table 4.1) and the displacement of some PANC-1 cells onto high collision fre-
quency, high shear stress trajectories at 200 kHz.

7–9 µm for BxPC-3s); this phenomenon is due to brief grazing collisions and cell

trajectories similar to those of diameter A and fCM= –0.3 in Fig. 4.2. The same

phenomenon is responsible for the increase in PBMC collision frequency at ∆ =

5 µm and 200 kHz; these trends are consistent with the results of Sec. 4.4.1 and

the particle trajectories shown in Fig. 4.2.

For a given cell type, Pcapture is maximized when the shear stress is low and

the cell spends a significant duration (and thus distance) in contact with the

obstacle; this is most likely when the cell first contacts the obstacle near the
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stagnation point on the −x obstacle face [87]. At 200 kHz, those trajectories oc-

cur for the pancreatic cells at small offsets, maximizing Pcapture for our target

cells and thus our capture efficiency. That configuration also leads to infrequent

PBMC–obstacle collisions, minimizing Pcapture and maximizing our sample pu-

rity. Pcapture for PANC-1 cells is significantly less than the other pancreatic cells,

owing to its lower A value (which partially results from PANC-1 cells having

fewer antibodies bound per cell than the other pancreatic cells [18]), and be-

cause some PANC-1 cells follow a trajectory with frequent, but high shear stress,

collisions at 200 kHz.

At 50 kHz, all of the cells undergo nDEP, which reduces the collision fre-

quency at almost all offsets; the only exception being brief grazing collisions at

moderate offsets, as discussed in Sec. 4.4.1. These collisions are comparatively

brief, and occur in regions of high shear stress; as such, we note that Pcapture is

very low for all cells at all offsets at 50 kHz.

These changes in cell trajectories and capture probabilities agree with the

trends reported in the DEP literature for a variety of applications. At 50 kHz

for all of the cells, and at 200 kHz for PBMCs, the repulsion from the high field

magnitude regions near the leading and trailing edge of the obstacles results

in the cells traveling in “filaments” through the array, as observed with a dif-

ferent electrode configuration by Cummings and Singh [113]. The attraction of

the pancreatic cancer cells to the leading edge of the obstacle at 200 kHz causes

DEP trapping for cells that approach very near to the stagnation point, simi-

lar to that reported by Becker et al. [16] and Henslee et al. [106]; for geometries

where many simulated cells are trapped, there is a corresponding spike in the

predicted collision frequency and capture probability (e.g., for PANC-1 cells at
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∆ = 3 µm in Fig. 4.4). Finally, the increase in collision frequency observed for

cells undergoing pDEP corresponds to those cells being displaced in the direc-

tion of offset, at an angle to the bulk fluid flow; these trajectories are consistent

with those observed by Beech et al. [114] for DEP-driven transport in determin-

istic lateral displacement arrays. By coupling DEP with immunocapture, we are

able to use these phenomena to facilitate the high efficiency, high purity cap-

ture of rare cells, immobilizing them on the obstacle surface where they can be

subsequently studied [1, 102].

In our example application where we seek to capture pancreatic cancer

cells at high purity, we select an offset and applied electric field that cap-

tures as few PBMCs as possible while still capturing some of the pancreatic

cells—this is desirable for single-cell analysis for genetic applications, for exam-

ple [1, 11, 12, 99–102]. Fig. 4.5 shows the normalized change in Pcapture for our

example cells with DEP (at 50 and 200 kHz) compared to without DEP in a de-

vice with a small offset, ∆ = 2 µm; this offset is smaller than would be necessary

to optimize the capture of pancreatic cancer cells in an absolute sense, but is op-

timized for the rejection of contaminating PBMCs using DEP. At both 50 and 200

kHz, our simulations predict that PBMC capture is reduced by greater than 99%;

at 50 kHz, pancreatic cell capture is reduced due to nDEP, but at 200 kHz, pan-

creatic cell capture is significantly enhanced (370–450%) by pDEP. This increase

partially mitigates the lower absolute capture probability expected for the pan-

creatic cancer cells at the small offsets needed to reject PBMCs with nDEP; this

tradeoff in efficiency is justified for applications that require high purity, such

as single-cell genetic analyses. These results show that it is possible to capture

rare cells at high sample purity in a hybrid DEP–immunocapture device, while

still maintaining adequate capture efficiency.
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Figure 4.5: DEP significantly effects the capture probability of cells in
the obstacle array. Here, the percent change in simulated Pcapture—i.e.,
(Pcapture w/DEP − Pcapture w/o DEP)/(Pcapture w/o DEP)—is shown for pancreatic can-
cer cells and PBMCs at 50 and 200 kHz in an array with ∆ = 2 µm. The sim-
ulations show that the capture of contaminating PBMCs is reduced by greater
than 99% at 200 kHz; simultaneously, the capture of target pancreatic cancer
cells is increased by 370–450%. Although the absolute capture probability for
pancreatic cancer cells would be greater at a larger offset, the improvement in
sample purity (i.e., the large reduction in Pcapture for PBMCs) predicted using
DEP at a small offset outweigh a small decrease in capture efficiency, especially
for applications such as single-cell genetic analyses.

4.5 Conclusions

We have presented numerical simulations which predict that DEP can be com-

bined with an antibody-functionalized microfluidic obstacle array to enhance

the capture of rare cells, while simultaneously reducing the capture of contam-

inating leukocytes, in small-offset arrays. An AC electric field applied to elec-

trodes offset from the obstacle array and parallel to the fluid flow generates a

spatially varying electric field whose magnitude is maximized at the obstacles’

leading and trailing edges, and minimized at the obstacles’ shoulder. We show

that this field results in a time-averaged DEP force that attracts cells undergo-

ing pDEP to the obstacles’ leading edge, where the shear stress is low and the

residence time long, resulting in a high probability of capturing those cells; al-
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though these cells are also repelled from the obstacles’ shoulder, the locally high

shear stress and short residence time minimizes the role that DEP force plays on

transport and capture. Likewise, we show that cells undergoing nDEP are re-

pelled from regions of high capture probability and attracted to regions where

capture is unlikely. A relatively small offset (as compared to the offset needed

to maximize the capture efficiency of pancreatic cancer cells without DEP) array

of ∆ = 2 µm and an electric field applied at 200 kHz results in contaminating

PBMCs experiencing nDEP, decreasing their capture probability by greater than

99%, greatly increasing sample purity. Simultaneously, the capture of target

pancreatic cancer (BxPC-3, Capan-1, and PANC-1) cells is increased by 370–

450%, partially mitigating the reduced capture efficiency expected in a device

with such a small offset. These simulations lay the groundwork for the experi-

mental study of hybrid DEP–immunocapture obstacle array microdevices.
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CHAPTER 5

A TRANSFER FUNCTION APPROACH FOR PREDICTING RARE CELL

CAPTURE MICRODEVICE PERFORMANCE

5.1 Abstract

Rare cells have the potential to improve our understanding of biological sys-

tems and the treatment of a variety of diseases; each of those applications re-

quires a different balance of throughput, capture efficiency, and sample purity.

Those challenges, coupled with the limited availability of patient samples and

the costs of repeated design iterations, motivate the need for a robust set of en-

gineering tools to optimize application-specific geometries. Here, we present

a transfer function approach for predicting rare cell capture in microfluidic ob-

stacle arrays. Existing computational fluid dynamics (CFD) tools are limited

to simulating a subset of these arrays, owing to computational costs; a transfer

function leverages the deterministic nature of cell transport in these arrays, ex-

tending limited CFD simulations into larger, more complicated geometries. We

show that the transfer function approximation matches a full CFD simulation

within 1.34%, at a 74-fold reduction in computational cost. Taking advantage of

these computational savings, we apply the transfer function simulations to sim-

ulate reversing array geometries that generate a “notch filter” effect, reducing

the collision frequency of cells outside of a specified diameter range. We adapt

the transfer function to study the effect of off-design boundary conditions (such

The contents of this chapter have been submitted for peer review as a research article en-
titled “A Transfer Function Approach for Predicting Rare Cell Capture Microdevice Perfor-
mance.” Authors include James P. Smith and Brian J. Kirby.

J.P.S. and B.J.K. conceived the simulations and experiments; J.P.S. developed and executed
the simulations and experiments, and analyzed the results. J.P.S. wrote the paper; J.P.S. and
B.J.K. edited the paper.
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as a clogged inlet in a microdevice) on overall performance. Finally, we have

validated the transfer function’s predictions for lateral displacement within the

array using particle tracking and polystyrene beads in a microdevice.

5.2 Introduction

Rare cells have the potential to improve our understanding of biological sys-

tems, how we treat disease, and to serve as biomarkers for disease detection in

the absence of other symptoms. Fetal cells circulating in maternal blood present

a non-invasive alternative to amniocentesis [2], reducing the risk to the fetus.

Stem [10] and progenitor cells [6] have been used for culture and later experi-

mentation, including transplantation [5]. Circulating epithelial cells (CECs) of

pancreatic origin have been found in the blood of pancreatic cyst patients, and

may enable the early detection of pancreatic cancer [3,4]. Finally, circulating tu-

mor cells (CTCs), which are shed from a primary tumor into the circulatory sys-

tem and are thought to contribute to metastasis [116], can inform patient prog-

nosis [13], therapeutic efficacy [1, 9], and the genetics of disseminating cancer

cells [11,12,102]. A challenge in studying these cells is that they are exceedingly

rare—as few as 1 CTC per 100 million blood cells, for example [7, 8]—requiring

engineered solutions to isolate as many of the target cells as possible, while cap-

turing few blood cells.

A variety of techniques can be used to isolate rare cells. Differences in

size compared to blood cells enable filtration [14] or streamline-separation ap-

proaches [15]. Changes in the cell membrane composition can lead to a dif-

ferential electrokinetic response [16–18]. Finally, surface markers unique to the
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target rare cell, perhaps either due to its non-hematological origin or a specific

disease state, can be used to capture cells by antibody immobilization [19, 20],

or identify the cells by staining with a fluorescently-conjugated antibody.

We have previously reported on geometrically enhanced differential im-

munocapture (GEDI), which uses both size differences and antibody specificity

to capture target rare cells, while simultaneously minimizing contaminating cell

capture. GEDI uses an array of obstacles in a microfluidic device, arranged to

generate size-dependent cell trajectories, bringing target cells into contact with

as many obstacles as possible. Those cells are then captured on the obstacle by

use of a target-specific antibody immobilized on the surface. The inadvertent

capture of non-target cells is minimized by a combination of differential colli-

sion dynamics, shear stress, and antibody specificity. Fig. 5.1 shows a potential

GEDI geometry, in which cell transport and capture are governed by the array

geometry (row spacing Γ, column spacing Λ, row offset ∆, obstacle diameter

2R), cell diameter 2a, and the mean fluid velocity Uinlet (which determines the

shear stress and residence time a cell experiences while in contact with the ob-

stacle surface).

Each downstream application for rare cell capture requires its own balance

of capture efficiency (capturing as many target cells as possible) and sample pu-

rity (minimizing the capture of contaminating cells); e.g., genetic assays require

a high purity sample of only a few cells, whereas staining and enumeration

studies are more tolerant of contaminants but need many target cells for sen-

sitivity. These challenges, coupled with the limited supply of patient samples,

motivate the development of engineering tools to optimize application-specific

device designs.
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Figure 5.1: A two-dimensional array of cylindrical obstacles in a microfluidic
device generates size-dependent cell transport as a function of the mean velocity
Uinlet, row spacing Γ, column spacing Λ, row offset ∆, obstacle diameter 2R,
and cell diameter 2a. Some aspects of these arrays can be reduced to a “unit
structure” with periodic boundary conditions (inset). Cell displacement (yout −
yin), collision status, and shear history can be represented by a transfer function
within each unit structure.

Existing tools to optimize the array geometry have used analytical approxi-

mations [67, 82] or computational fluid dynamics (CFD) simulations for a small

subset of the obstacle array (tens of obstacles), as simulations of collision and

capture dynamics in a full-size device (thousands of obstacles) is computation-

ally challenging [21, 87]. This work presents a transfer function approach that

leverages those existing CFD simulations as the basis of a computationally-

efficient simulation of a large device geometry, including spatially varying ge-

ometries and/or off-design boundary conditions.

In the high Péclet number regime in which most rare cell capture microde-
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vices operate, advection dominates Brownian diffusion. Further, if we consider

dilute cell suspensions (or approximate dense suspensions as dilute), a cell’s tra-

jectory through the device is a deterministic function of its size, initial position,

and the array geometry. We can reduce the obstacle array to one “unit struc-

ture” around an individual obstacle, with periodic boundary conditions, and

calculate transfer functions that approximates transport behavior as a function

of the cell’s initial position when it enters the unit structure, H(yin), subject to

the limitations discussed in Sec. 5.3.2. Transfer functions can be generated for

the output position, yout; a collision status flag, C (0 or 1); and, if a collision does

occur, the shear stress vs. time history, τ(t) experienced by that cell, which facil-

itates calculating the probability of cell capture (Fig. 5.2). The transfer function

can be applied iteratively to simulate cell capture and transport in a device of

arbitrary length.

5.3 Computational methods

A transfer function, H(yin), predicts output position (yout), collision status (C =

0 or 1), and shear stress and time history (τ(t), if cell-obstacle contact occurs).

The transfer function can be calculated using CFD simulations of one unit struc-

ture and applied iteratively to simulate a device of arbitrary size and spatially-

varying geometry. The resulting trajectory and shear stress time histories are

used in previously-validated cell capture simulations, informing the selection

of a device geometry that is optimized for a specific application*

*A detailed discussion of the computational models, including validation steps, is presented
in Appendix A.
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Figure 5.2: A transfer function can be calculated using a limited CFD and par-
ticle advection simulation of one unit structure, then applied iteratively to sim-
ulate an arbitrarily large obstacle array device. Output position (yout), collision
status and shear history (τ vs. t; not shown), and thus the probability of capture
(Pc) for a given cell type are deterministic functions of a cell’s input position
(yin) in the high Péclet number regime where most obstacle array microdevices
operate. There is a characteristic discontinuity in yout at the stagnation point on
the obstacle’s leading edge, which occurs at yin ≈ Γ/2 + ∆ = 108 µm, and corre-
spondingly Pcapture = 1 at that stagnation point; both of these characteristics are
mitigated by diffusion in physical systems. Here, capture probability is shown
for a 20 µm diameter LNCaP prostate cancer cell in a Γ = Λ = 200 µm, ∆ = 8 µm
device with Uinlet = 100 µm/s.

5.3.1 Calculating the transfer function

Particle trajectories were calculated for one unit structure using the CFD and

particle advection simulation we have previously reported [21, 87], and used to

calculate transfer function lookup tables. This process occurs in three distinct

numerical simulations that are repeated for each geometry and cell diameter of

interest. Briefly:

Computational fluid dynamics (CFD) simulations. COMSOL Multiphysics

(COMSOL, Inc.) solved the two-dimensional Navier–Stokes equations, comput-

ing the fluid velocity field for each obstacle array geometry in a small domain
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of 5 × 20 obstacles (chosen based on a convergence study) with an inlet veloc-

ity Uinlet = 100 µm/s and a zero-pressure outlet. In this system, the Reynolds

number is small as compared to unity,

ReΓ ≡
ρUinletΓ

µ
= 0.02, (5.1)

where ρ and µ are the bulk fluid density and viscosity, respectively; the flow

is independent of Uinlet. From this data, x- and y-velocity components for the

unit structure encompassing the central obstacle (which has periodic boundary

conditions) were interpolated onto a regular grid and saved. This process is

repeated for each array geometry.

Particle advection simulations. The velocity field data calculated above is

then used in a custom, parallelized particle advection simulation realized in

MATLAB (The Mathworks). An initially uniform distribution of cells is ad-

vected through the unit structure by use of a fourth-order Runge–Kutta integra-

tion scheme with adaptive time stepping. In this system, advection dominates

diffusion and inertial effects are negligible (Pe, the Péclet number,� 1), so the

cells are modeled as Lagrangian tracers, following the fluid streamlines unless

cell–obstacle contact occurs; at which point, cells roll along the obstacle surface.

This process is repeated for a range of cell diameters and array geometries of

interest.

Transfer function derivation. The particle advection results are used to derive

several transfer function lookup tables,H(yin), that are unique to each geometry

and cell diameter. The output position, yout, and a cell-obstacle collision flag,

C, are saved for each yin value. If a collision occurs (i.e., C = 1), the x- and
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y-velocity fields are used to calculate the shear stress experienced by the cell

as it rolls along the obstacle surface, τ(t). An illustrative transfer function for

yout, as well as the capture probability expected for LNCaP prostate cancer cells

(calculated as described in Sec. 5.3.3) given the shear stress time history transfer

functions, is plotted in Fig. 5.2.

5.3.2 Simulating cell transport using the transfer function

A MATLAB simulation was developed to iteratively apply the transfer func-

tion lookup tables, calculated as described in the previous section, to calculate

trajectories for an initially uniform distribution of cells in a device of arbitrary

size.

For each unit structure along the length of the device, each starting parti-

cle’s trajectory is calculated using one-dimensional linear interpolation of the

transfer function lookup table, H(yin),

yout = Hposition(yin), (5.2)

where yin and yout are the particle’s position with respect to that unit structure’s

local coordinate system. The same interpolation process is used for the collision

status flag, C,

C = dHcollision flag(yin)e, (5.3)

and, if contact occurs (i.e., C = 1), the shear stress history,

τ(t) = Hshear history(yin). (5.4)

The local values from unit structure N are advanced into unit structure N + 1
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accounting for the shift in local coordinates due to the offset, ∆,

yin,N+1 = yout,N −∆. (5.5)

This process is repeated for each particle start position and each unit structure

in the device, with the mean ofC for all start positions and unit structures repre-

senting the mean collision frequency for that cell diameter and geometry. Shear

histories, τ(t), for each particle start position are saved for subsequent use in a

Monte Carlo cell capture simulation, described in Sec. 5.3.3.

We can also approximate changes in the offset (both magnitude and di-

rection) between unit structures simply by using a different transfer function

lookup table along the length of the device. This approximation assumes that

the fluid velocity field—and thus the transfer function,H(yin)—within each unit

structure is unaffected by offset changes between it and adjacent unit structures,

and is only valid when there are few changes in offset as compared to the num-

ber of unit structures in the device.

5.3.3 Predicting cell capture probability

Shear histories, τ(t), generated by the transfer function for each starting parti-

cle were used to calculate cell capture probabilities using the exponential cell

capture model that we have reported previously [87]. Briefly:

Modeling cell capture. The most sophisticated cell capture models include

the effects of mechanical forcing, cell adhesion kinetics [56,57], cell deformation,

and biomolecule deformation [54, 55]. Although these detailed models are able

to predict cell adhesion, cell release, and rolling (i.e., repeated adhesion and
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release) events, they require a priori knowledge of the many parameters that

describe these adhesion events, such as reaction rate coefficients and contact

area measurements.

Because these parameters are often unknown for rare cell capture applica-

tions, we have pursued a reduced-order model to create an engineering tool

based on the limited information available for these cells. We began with a

shear-stress dependent capture model first reported by Decuzzi and Ferrari [96]

and subsequently used to predict cancer cell capture in microfluidic devices by

Wan et al. [97],

Pcapture = mrmlK
0
aAcexp

(
− λ

kBT

Fdislodge

mrAc

)
, (5.6)

where the probability of cell capture (Pcapture) is a function of the receptor and

ligand surface densities (mr and ml, respectively), receptor–ligand association

constant at zero load (K0
a), the contact area (Ac), the characteristic receptor–

ligand bond length (λ), the thermal energy (kBT ), and the dislodging force

(Fdislodge). We grouped the constants, which are unknown for most rare cell

systems, into two lumped parameters, took Fdislodge as proportional to the lo-

cal shear stress τ , and discretized the model as

dPcapture = A exp (−Bτ) dt, (5.7)

where dt is the length of each timestep in the simulation, and dPcapture is the

probability that capture occurs in that timestep. The constants A and B are

experimentally-determined, unique to cell type and surface chemistry system,

and are measured by data fitting [87] to the results of capture characterization

experiments in a Hele-Shaw flow chamber designed to expose cells to a range

of shear stresses [18, 48]. This work uses LNCaP human prostate adenocarci-

noma cells and J591, a monoclonal antibody that binds to the prostate-specific
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membrane antigen (PSMA) expressed on the LNCaP cell membrane, as a model

system. The capture constants for this system have been previously reported as

A = 3.44× 10−2 s−1 and B = 85.5 Pa−1 [87].

Cell capture Monte Carlo simulations. The discrete cell capture probability,

dPcapture (eqn. 5.7), was calculated for each timestep where contact occurred us-

ing the shear histories, τ(t), generated by the transfer function for each starting

particle. This discrete probability was compared to a pseudorandom number,

dPrandom; a cell was assumed “captured” if dPcapture ≥ dPrandom. This stochastic

process was repeated as a Monte Carlo simulation, varying dPrandom for 1000

replicates per particle trajectory (with the number of replicates chosen based

on a convergence study), and the average value reported as the mean capture

probability for that cell and array geometry.

5.4 Experimental methods

The displacement transfer function (yout vs. yin) was determined experimentally

for particles flowing through the GEDI microdevice reported by Gleghorn et al.

[15] and Kirby et al. [1]. These experimental measurements were compared to

the CFD-derived transfer functions for the same geometry and particle diameter

with various boundary condition errors, with the best-fit result quantifying the

error present in the physical GEDI device owing to flow perturbations due to

the inlet/outlet design, as well as the effects of the three-dimensional nature of

flow in the GEDI device.
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5.4.1 Particle tracking experiments

A GEDI microdevice was prepared as described by Gleghorn et al. [15]. Briefly,

a Γ = Λ = 200 µm array of 2R = 100 µm obstacles with an offset of ∆ = 7 µm

was etched into silicon at a depth of 100 µm using standard photolithography

techniques. The device was sealed using a 3-mm-thick polydimethylsiloxane

(PDMS, 7:1 base:curing agent) gasket held in place with a plexiglass compres-

sion jig. Tygon tubing (0.010 inch inner diameter; Saint-Gobain) was connected

to a 3 mL plastic syringe (Becton Dickinson) and the device was manually

primed with deionized water.

Polystyrene beads (Bangs Laboratories; 20.92 ± 0.64 µm diameter) were

suspended into a density-matched water/glycerol solution (1.026 g/mL) at a

concentration of 106 beads per mL. Pluronic F68 non-ionic surfactant (Sigma-

Aldrich) at a concentration of 0.1% (v/v) was added to the bead suspension to

reduce non-specific adhesion of the beads to themselves and to the microdevice

surface.

The bead suspension was pumped through the microdevice using a 3 mL

syringe and a syringe pump (Chemyx) at a rate of 1 mL/hr for the duration

of the experiment. After the bead suspension had flushed out the device, a

region of approximately 3 × 3 obstacles (centered across the device width and

adjacent to the inlet) was imaged at 20× in bright-field using a Nikon Eclipse

LV-100 microscope, Q-Imaging EXi Blue CCD camera, and Nikon NIS-Elements

imaging software. 2 × 2 binning resulted in the acquisition of 696 × 520 pixel

images at approximately 18 frames/s; these frames were saved as a series of

grayscale uncompressed TIFF images.
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5.4.2 Image processing

TIFF images were processed using the MATLAB adaptation [117] of the well-

known IDL Particle Tracking software [118]. Briefly: images are first rotated to

align the coordinate system of the array with that of the image, then are color-

inverted to present bright beads on a dark background. Next, a spatial band-

pass filter is applied to remove the background and smooth out the beads, with

a spatial cutoff chosen based on the bead diameter. The centroid of each bead

is then determined by identifying the local brightness maxima in each image to

pixel level accuracy. Finally, sequential pairs of images are compared and 〈x, y〉

tracks for each particle identified.

Each particle trajectory is compared to the known boundaries of the unit

structures present in the image. Particle tracks which are long enough to tra-

verse across a complete unit structure are used to compute yout as a function

of yin using two-dimensional linear interpolation across each boundary. Incom-

plete tracks (i.e., trajectories that terminate before leaving the unit structure),

which are common for particles that slow down significantly near the stagna-

tion region at the front of the obstacle and are “lost” by the tracking code in

the dark region caused by the fillet between the floor of the device and each

cylindrical obstacle, are discarded. yout vs. yin data points from individual par-

ticles are binned into 20 yin groups for statistical purposes; the mean yout value

for each yin bin is reported in this work, along with error bars representing the

standard error of the mean to a 95% confidence interval.

The experimentally derived transfer function was compared to CFD-derived

transfer functions for the same particle and array geometry with various errors

in the boundary conditions (i.e., an off-design transverse flow component), cal-
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Figure 5.3: The transfer function model (symbols) closely agrees with the full
CFD simulation (lines) for both (A) collision frequency and (B) capture probabil-
ity using LNCaP prostate cancer cells and a device with N = 100 unit structures
for a range of offsets (∆). The residual error (e.g., Pcapture, CFD − Pcapture, Trans. Fn.)
quantifies the error between the transfer function approximation and the CFD
simulation, and the residual error for collision frequency and capture probabil-
ity are shown below their respective plots. The RMS residual error across all
values of ∆ (i.e., ∆ = 0 to Γ/2) and cell diameters studied is 1.01 × 10−2 row−1

for collision frequency and 1.34 × 10−2 for capture probability, with a 74-fold
reduction in computational time.

culated as described in Section 5.3.1. A simulated transfer function was selected

that minimized the overall error residual between it and the experimental trans-

fer function; with this transfer function corresponded to the off-design flow er-

ror in the experiment (E; see eqn. 5.8) within ±1%.

5.5 Results and Discussion

Here, we present a validation of the transfer function model, by comparison to

our previously described CFD [21, 87] simulations for simple geometries and

experimental measurement of the position transfer function. We then apply the
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transfer function simulation to study complex geometries and boundary condi-

tions beyond the capabilities of the CFD simulation, at a significantly reduced

computational cost.

Unless otherwise noted, the results described in this work are for an array

with row spacing Γ = 200 µm, column spacing Λ = 200 µm, obstacle radius

R = 50 µm, an array length of N = 100 unit structures, and Uinlet = 100 µm/s;

this geometry and flow rate corresponds to those used in previously reported

experiments [1,10,15,87]. Results are presented in dimensional units to facilitate

ready comparison to biological length scales.

5.5.1 Comparison between transfer function and CFD simula-

tions

We have validated the transfer function simulations by comparing them to the

results of our previously-described CFD particle advection and cell capture sim-

ulations [21, 87]. Devices N = 100 unit structures long and with various offsets

∆ were studied using both CFD and transfer function simulations for cell diam-

eters from 6 to 34 µm.

The results show that the transfer function accurately captures the collision

and capture dynamics (Fig. 5.3) predicted by the CFD simulation. When con-

sidering all offsets (i.e, ∆ = 0 to Γ/2) and cell diameters studied, the RMS of

the error residual (e.g., Pcapture, CFD − Pcapture, Trans. Fn.) was 1.01 × 10−2 row−1 for

collision frequency and 1.34 × 10−2 for capture probability. In general, the er-

ror residual was highest for combinations of geometries and cell diameters that
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resulted in frequent “grazing” collision events, where a particle would be in

contact with the obstacle surface for a short period of time. These small errors

incurred by the transfer function simulation were balanced by a 74-fold compu-

tational savings as compared to the full CFD simulation.

5.5.2 Reversing geometries

The transfer function simulation can approximate cell transport and capture

in spatially-varying obstacle arrays. One such geometry is a reversing array

(Fig. 5.4), in which the sign of the offset reverses every Nr unit structures out

of N total unit structures in the device, possibly accompanied by a y-direction

shift in the obstacles following the offset reversal, ∆?. Reversing arrays are use-

ful in rare cell capture microdevices, as they prevent a net displacement of the

target cells in the offset direction, allowing for the full area of the array to be

used for cell capture; they also prevent a pressure gradient in the y direction,

ensuring a better match between simulated and real-world velocity fields. Fur-

thermore, the magnitude of ∆? can be selected to generate a notch filter in which

the collision frequency of particles within a specified diameter range is much

higher than for other particles; notch filters are particularly useful for systems

where the contaminating cells are both smaller and larger than the target cell

population.

In these simulations, the transfer function lookup tables used in eqns. (5.2)

to (5.4) are reversed in y based on the offset direction, and ∆? replaces ∆ in

eqn. (5.5) for the unit structure immediately following the offset reversal, as

described in Sec. 5.3.2.
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Figure 5.4: The transfer function model allows for the computationally efficient
simulation of reversals in the offset direction, which lead to a notch filter effect,
reducing the collision frequency for small and large cells. (A) The number of
rows in the device, N , the number of rows between reversals, Nr, and the y-
direction shift at reversal, ∆?, control the notch filter’s performance. (B) The
notch filter’s lower diameter cutoff is proportional to ∆; the upper diameter
cutoff is proportional to ∆? (illustrated here for N = 100 and Nr = 50). (C)
The maximum collision frequency within the notch filter is proportional to the
number of rows between reversals,Nr (shown here forN = 100, ∆? = 8∆). Both
(B) and (C) here are for a ∆ = 8 µm array.
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N , Nr, ∆, and ∆? all contribute to the notch filter’s “width” (i.e., the lower

and upper diameter cutoffs) and the mean collision frequency for cells between

the lower and upper diameter cutoffs. As is the case with non-reversing arrays

(Fig. 5.3A), the lower diameter cutoff is a function of the offset, ∆. Fig. 5.4B

shows the effect of the y-direction shift at reversal, ∆?; larger values of ∆? re-

sult in an increased upper diameter cutoff, increasing the “width” of the notch.

When ∆? is sufficiently large, the obstacle following a reversal is shifted enough

so that a cell that collides with the obstacle preceding it moves from one colli-

sion to another. Small or zero values of ∆? result in a cell missing the obstacle

after a reversal and traveling past several obstacles before another collision can

occur, reducing the mean collision frequency. Finally, for any given ∆ and N ,

the collision frequency within the notch filter is increased by having more unit

structures between reversals, i.e., with larger values of Nr (Fig. 5.4C). This in-

crease is the result of entrance effects in the array, which occur as some cells

travel past several obstacles before colliding with one; more frequent reversals

exacerbate this effect.

We have previously described a ballistic particle advection simulation [21]

that can account for reversing arrays. That ballistic approximation, which as-

sumes that the fluid velocity field is uniform and unidirectional in x, only con-

siders cell motion transverse to the flow direction (i.e., in the y direction) result-

ing from cell–obstacle collisions. The transfer function simulation, however,

accounts for the transverse cell motion away from the obstacles that results

from streamline dilation and contraction around the obstacles. An important

conclusion of this work is that consideration of transverse cell motion owing to

these dilations and contractions shows that the ballistic model underpredicts the

value of ∆? needed to generate a notch filter of a given upper diameter cutoff.
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For example, the transfer function’s more accurate approximation of collision

dynamics in a reversing array with ∆? = 8∆ yields the same upper diameter

cutoff as ∆? = 2∆ in the ballistic approximation.

5.5.3 Off-design boundary conditions

Understanding how cell transport in these obstacle arrays is affected by off-

design boundary conditions is of practical importance when translating simu-

lations into a robust microdevice design. These off-design boundary conditions

can result from many sources; e.g., a clogged inlet channel that alters the flow

within the array, or a lump of captured cells near the device inlet. They can be

represented by including a transverse velocity component around the obstacles,

Utransverse, and the magnitude and sign of the deviation from the on-design case

represented as

E =
Utransverse

Uinlet

, (5.8)

where positive values of Utransverse correspond to a transverse flow component

in the +y direction (i.e., in the same direction as the offset for non-reversing

arrays).

One approach to studying transport with these off-design boundaries is to

use CFD to solve for the velocity field with various values of Utransverse, then to

advect a distribution of cells through a large array as we have described pre-

viously [21, 87]. This approach, however, introduces another variable into the

simulations, increasing the computational cost by an order of magnitude. The

transfer function simulation presents a more efficient solution to this problem.

We generated transfer functions for a range of particle sizes within a ∆ =
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Figure 5.5: (A) Off-design boundary conditions, such as from a clogged inlet
channel or a lump of captured cells near the inlet, can lead to a transverse veloc-
ity error, E = Utransverse/Uinlet; this additional velocity component alters trajecto-
ries within the array. Here, schematic pathlines are shown in a reversing (notch
filter) geometry. (B) As compared to E = 0, E > 0 expands the lower and upper
diameter cutoffs and reduces the mean collision frequency as cells are displaced
so as to miss one or more downstream obstacles; E < 0 increases the lower di-
ameter cutoff and leads to an increased collision frequency for cells above the
upper diameter cutoff. These effects are illustrated for N = 100, Nr = 50, ∆ = 7
µm, ∆? = 6∆ for varying values of E.

7 µm array, as described in Sec. 5.3.2, with the CFD solution for one unit struc-

ture including an additional Utransverse boundary condition. These transfer func-

tions were then applied to study Utransverse in a reversing array geometry.

Fig. 5.5 shows the effect of E on the notch filter’s predicted performance.

Several trends are notable: First, E < 0 leads to an increase in the lower di-

ameter cutoff as compared with E = 0. Cells which would have been deflected

around the offset side of an obstacle (i.e., the +y side of the obstacle for when the
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offset is in the +y direction) by a collision event are instead deflected around the

non-offset side (i.e., the −y side of the obstacle for when the offset is in the +y

direction) due to the negative Utransverse flow. After that deflection, the cells must

travel past one or more obstacles before the array offset presents another obsta-

cle in their path. The net effect is to reduce the mean collision frequency for cells

of that size; smaller cells require less displacement to be deflected around the

non-offset side of the obstacle than a larger cell, resulting in the lower diameter

cutoff increasing when E < 0.

Second,E < 0 increases the mean collision frequency for cells larger than the

upper diameter cutoff. As those large cells pass through a reversal in the offset

direction (where there is a y-direction shift in the array, ∆?), their size causes

them to miss the first obstacle after the offset reversal; they then travel some

distance before their next collision. E < 0 reduces that distance, increasing

the mean collision frequency for cells larger than the upper diameter cutoff as

compared to E = 0.

Third, E > 0 both broadens the notch filter (expanding the difference be-

tween the lower and upper diameter cutoffs), and reduces the mean collision

frequency within the notch filter. The broadening of the notch filter is caused

by cells which would have passed near the non-offset side of the obstacle be-

ing displaced by the Utransverse flow error enough to cause a collision. Similarly,

the reduction of the mean collision frequency within the notch filter is a result

of cells that would have been on trajectories with frequent collisions being dis-

placed by Utransverse so as to miss one or more downstream obstacles, reducing

the mean collision frequency.

These off-design collision dynamics represent interesting physical phenom-
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ena, and are most applicable to physical systems where many cells are captured

on the obstacles and/or clog an inlet channel. They are less likely to be seen

when capturing rare cells (which are few in number) at high purity; e.g., ap-

proximately 1% of the O (104) obstacles in a GEDI microdevice will capture a

cancer cell in a GEDI microdevice processing a 1 mL blood sample [1]. Fur-

thermore, these off-design dynamics are mitigated in physical microdevices by

their localized nature—that is, conservation of momentum prevents a uniform

transverse flow component across the length of a device. These effects deserve

careful consideration when designing a system where the number of cells cap-

tured will be on the same order as the number of obstacles, or when designing

a device with few obstacles.

5.5.4 Experimental validation

We have measured the position transfer function at several locations (Fig. 5.6)

with the GEDI microdevice first reported by Gleghorn et al. [15]; by comparing

the measured transfer function to simulated transfer functions for a range of

transverse flow errors, E, we can quantify E in the microdevice by selecting a

simulated transfer function that minimizes the RMS residual error between it

and the experimental data, as described in Sec. 5.4.

The GEDI device is designed using a branched inlet manifold; for the ob-

stacles immediately adjacent to the inlet manifold (i.e., the first obstacles in the

array), we expect significant transverse flow errors attributable to the fluid ex-

panding from the finite number of inlet channels into the larger domain of the

obstacle array. The experimental results validate this hypothesis, with bead tra-
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Figure 5.6: (A) Particle tracking experiments and comparison to simulated
transfer functions for various transverse errors allow for the quantification of
E along the length of the obstacle array, shown in a planview schematic here
(not to scale). 20 µm diameter beads were tracked through a Γ = Λ = 200 µm,
∆ = 7 µm array; the trajectories were grouped into 20 yin bins and averaged
within each bin, with error bars representing the standard error of the mean
to a 95% confidence interval. This data was fitted to simulated transfer func-
tions by selecting a value of E that minimized the residual error between it and
the experimental data. (B) Adjacent to the inlet manifold in a GEDI device, the
expansion of the fluid flow to fill the obstacle array causes a large transverse
error of E = 10%. (C) The overall obstacle array is robust to these perturbations;
0.2 mm (i.e., 10 unit structures) downstream from the inlet, the error has been
reduced to 2%. Throughout the bulk of the device, E < 1%.
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jectories expanding as they enter the obstacle array. Fig. 5.6B shows the mea-

sured transfer function in this region, which corresponds to a large error of E =

10% (RMS residual error for yout = 10.3 µm).

The overall obstacle array, however, is robust to these localized errors due

to the inlet and outlet manifolds. Only ten unit structures downstream of the

inlet (Fig. 5.6C), the transverse error has been reduced to E = 2% (RMS residual

error = 7.7 µm). For several locations further downstream, E was measured

as ≤ 1%, indicating that the transfer function accurately simulates transport

and collision phenomena (and thus the capture probably) within the bulk of the

obstacle array.

5.6 Conclusion

This work facilitates the efficient design of application-specific rare cell capture

microdevice geometries by demonstrating that a transfer function, calculated

based on limited CFD and particle advection simulations for one unit struc-

ture, to predict collision and capture dynamics in arbitrarily large arrays accu-

rately and at a 74-fold reduction in computational cost. We have shown that

the transfer function approximates transport in spatially-varying arrays, and

have demonstrated that a notch filter can be engineered using reversing arrays,

reducing the collision frequency for both small and large contaminants. The

transfer function can be adapted to simulate off-design device conditions, such

as the transverse flow component that can result from a clogged device inlet,

making those studies feasible as compared to the high computational cost of a

direct simulation. Finally, we have experimentally validated the transfer func-
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tion approach, showing good agreement to the transfer function for polystyrene

beads flowing through an obstacle array.
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CHAPTER 6

CONCLUSIONS

The capture of rare cells from complex fluids, such as circulating tumor cells

(CTCs) from a peripheral blood sample, has the potential to advance our under-

standing and treatment of disease by enabling a range of downstream biomed-

ical analyses. Each of those analyses requires a different balance of capture effi-

ciency (i.e., sensitivity—the ratio of the number of target cells capture to the total

number of target cells in the sample) and sample purity (i.e., specificity—the ra-

tio of the number of target cells captured to the number of total cells captured,

including contaminating cells), necessitating the development of application-

specific devices. In this work, we address the challenge of optimizing microflu-

idic obstacle array geometries for rare cell immunocapture by developing nu-

merical simulation tools to predict cell transport and cell capture in those arrays.

6.1 Summary of accomplishments

In Chapter 2, we begin by reviewing the challenges associated with the isolation

and capture of rare cells, focusing on the fundamental adhesion and transport

mechanisms in rare cell capture microdevices, and detail how different applica-

tions require a different balance of capture efficiency and sample purity. For

example, single-cell genetic assays require a very high purity so as to mini-

mize the number of contaminating cells analyzed, reducing the cost and time

required to analyze each sample; this contrasts with enumeration for disease

monitoring, in which purity is less important (as staining can be used to identify

contaminants), but high efficiency is needed to maximize the assay’s dynamic

range. We explore design strategies with a focus on leveraging the underlying
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transport phenomena to maximize device performance; this approach is used

in subsequent chapters to identify microfluidic device geometries that generate

cell-specific transport trajectories, collision dynamics, and capture probabilities

so as to differentially capture target rare cells.

In Chapter 3, we have developed coupled computational fluid dynamics,

particle advection, and cell adhesion Monte Carlo simulations that predict the

probability of capturing cells flowing through a microfluidic obstacle array us-

ing antibodies immobilized on the obstacles themselves. These simulations use

cell adhesion characterization studies over a range of shear stresses to inform

an exponential capture model, allowing for the capture of rare cells to be simu-

lated without a priori knowledge of a large number of cell adhesion parameters

(which are often unavailable for rare cells). To our knowledge, this work is the

first implementation of a capture model to predict the probability of capturing

rare cells flowing through an obstacle array in a microfluidic device. These sim-

ulations have been adapted to design devices for a wide range of applications,

including the capture of mouse epidermal stem cells [10] and the separation of

subpopulations of cancer-cell-derived microvesicles [115].

In Chapter 4, we expand the simulations developed in Chapter 3 to include

the effects of dielectrophoresis (DEP) on transport and cell capture in microflu-

idic obstacle arrays. My simulations show that DEP forcing can be generated at

frequencies that differentially actuate target pancreatic cancer cells and contam-

inating leukocytes, increasing the capture of pancreatic cancer cells by attracting

them to the obstacles using positive DEP, while repelling contaminating leuko-

cytes from the obstacles using negative DEP. This results in a 370–450% increase

in capture probability for pancreatic cancer cells, while the capture probability
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for leukocytes is reduced to nearly zero; this predicted improvement in sample

purity is of particular interest for downstream applications involving single-cell

genetic analyses. These simulations lay the groundwork for the experimental

study of hybrid DEP–immunocapture microdevices.

In Chapter 5, we expand the utility of the simulations developed in Chap-

ter 3 by reducing the simulations for one unit structure (i.e., the region around

one obstacle in a large array) to a transfer function, which can be applied itera-

tively to simulate cell transport and cell capture in an arbitrarily large device

at high fidelity and with a 74-fold reduction in computational cost. We lever-

age those computational savings to approximate transport in spatially varying

geometries by varying the transfer function along the length of the device; we

have identified geometries that generate a notch filter effect, reducing the col-

lision frequency for cells smaller or larger than a predefined diameter range.

Furthermore, by using transfer functions that include an additional transverse

flow component (such as what might result near an inlet or in a region of many

captured cells), we have studied the sensitivity of obstacle array rare cell capture

microdevices to off-design boundary conditions. By comparing the off-design

transfer functions to experimentally-observed particle trajectories in a geometri-

cally enhanced differental immunocapture (GEDI) microdevice, we have shown

that the overall device is robust to localized off-design conditions near the de-

vice inlet. To our knowledge, this work represents the first simulation of cell

transport and capture across the full domain of a spatially-varying microfluidic

device geometry outside of analytical and ballistic-transport approximations.

The engineering simulations developed in this work are generalizable to any

cell–antibody system, and can be used to identify optimized device designs that
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achieve the balance of capture efficiency and sample purity required for a given

downstream biomedical application; they have been validated experimentally,

are computationally efficient, and require minimal a priori knowledge of the

target rare cell’s adhesion properties.

6.2 Opportunities for future work

Future work regarding the development and application of design optimization

tools for rare cell capture falls into three areas: improving the sophistication

of the simulations for increased accuracy, experiments to further validate the

simulations, and applying these tools to identify and implement novel device

designs.

Computational studies. The simulations described in this work do not con-

sider the effect of diffusion on a cell’s transport through the obstacle array; al-

though Brownian motion is negligible (i.e., Pe � 1) for mammalian cells in

the arrays described here, future work should explore the effect of shear-induced

diffusion (SID). SID describes an effective diffusivity that particles in a dense sus-

pension [49] and is the primary source of diffusion in blood, where the volume

fraction of cells approaches the maximum packing fraction for rigid spheres. As

the side-dependent collision dynamics described in this work is a result of the

cross-streamline motion of cells that occurs during cell–obstacle contact, the ef-

fect of SID on collision frequency and capture probability should be explored.

The particle advection simulations described in Chapters 3 and 5 could be read-

ily adapted to include a spatially varying diffusivity as a function of the local
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shear stress. As we have previously shown that including the effect of diffusion

increases the computational time by 1–2 orders of magnitude [21], the compu-

tational savings associated with the transfer function simulations described in

Chapter 5 could be leveraged to study SID by replacing the deterministic trans-

fer functions with a probability density transfer function.

Additionally, this work defines the distance of closest approach during a

cell–obstacle collision as simply the cell radii. Future work should evaluate the

effect of lubrication forces between the cells and the obstacles; the Stokes equa-

tions predict that a diverging, repulsive lubrication force results as two rigid

spheres approach each other at low Re. Cell–obstacle contact does indeed occur

in practice (as cells are neither perfectly spherical nor rigid, and the dangling

antibodies and antigens represent an additional surface roughness), but lubri-

cation may provide a small and finite repulsive force; this effect of this force on

collision dynamics and capture probability should be quantified. Future simu-

lations could include lubrication forces as an additional repulsive forcing term

(in competition with the fluid forcing), as a modification to the distance of clos-

est approach, or using more sophisticated simulations altogether (e.g., Stokesian

Dynamics simulations [88]).

Experimental studies. In Chapter 5, we use the transfer function simulations

to approximate a reversal in the offset direction by simply reversing the transfer

function itself; this approximates the velocity field near the reversal as unaf-

fected by the reversal itself, and is most valid for small offsets. Future experi-

mental studies should quantify the error associated with this approximation by

measuring the trajectories of 10–20 µm diameter polystyrene beads around the

obstacles immediately before and after a reversal in the offset direction.
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Novel device designs. We have designed a proposed next-generation GEDI

device was developed using a ballistic trajectory simulation to model the effects

of reversing offsets [21]. The transfer function simulations presented in Chap-

ter 5 represent a more accurate approximation of cell transport in these revers-

ing arrays; future work should use the transfer function simulations to confirm

that the proposed next-generation GEDI geometry generates the expected size-

dependent collision dynamics before devices are fabricated.
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APPENDIX A

NUMERICAL MODELING TECHNIQUES

A.1 Modeling fluid flow

COMSOL Multiphysics 3.5a was used in Chapters 3–5 to calculate the fluid ve-

locity field in a small domain of obstacles; the velocity field around the central

obstacle—representing a “unit structure” with periodic boundary conditions—

was saved for use in the particle advection simulations (as described in Ap-

pendix A.2). A MATLAB script was developed to automate the calculation of

velocity fields for a range of array geometries.

Governing equations and boundary conditions. COMSOL’s stationary

solver was used to calculate the fluid velocity field, as governed by the steady,

incompressible Navier–Stokes and continuity equations,

ρf (u · ∇u) = −∇p+ η∇2u, (A.1)

∇ · u = 0, (A.2)

where ρf is the bulk fluid mass density (ρf = 1000 kg/m3 for water), u is the

fluid velocity field, p is the pressure, and η is the dynamic viscosity (η = 1 mPa·s

for water). A uniform inlet velocity of Uinlet= 100 µm/s was specified along the

−x boundary of the domain, and a zero-pressure outlet specified along the +x

boundary of the domain. A no-slip boundary was used on the obstacle surfaces

and on the±y boundaries of the domain; the domain was sized so that the latter

did not affect the velocity field within the central unit structure (see “Domain
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sizing”, to follow). In this system, the Reynolds number is small,

ReΓ ≡
ρUΓ

η
� 1, (A.3)

and the resulting flow is laminar and independent of Uinlet so long asReΓ (where

Γ is the row spacing; the center-to-center distance between obstacles along the

x direction) remains much less than unity.

Domain sizing. The governing equations were solved over a small domain of

5 obstacles in the length of the flow direction and 20 obstacles transverse to the

flow direction; that domain size was chosen so that that velocity field around

the central obstacle in the domain (1) was independent of the domain size, and

(2) represented a“unit structure” with periodic boundaries within 0.006%. This

unit structure was saved onto a regular grid (with 0.5 µm spacing) using bi-

linear interpolation; this unit structure could be tiled to simulate an arbitrarily

large obstacle array away from the array’s boundaries. Fig. A.1 shows the com-

putational domain and an example solution.

Discretization and grid convergence. The domain described in the previous

paragraph was discretized in space using the finite element method and first or-

der elements for both velocity and pressure. The computational grid consisted

of triangular mesh elements; the grid was developed automatically using a free

mesh technique and the default physics-based parameters for fluid flow (i.e., a

more dense grid near the boundaries) in COMSOL. Five refinements of the grid

(dividing each triangular element into four smaller elements) were performed

for a grid convergence study; it was found that the velocity field was indepen-

dent of the grid spacing after three refinements, matching the subsequent two
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Figure A.1: The magnitude of the velocity field (colorbar units: m/s) is shown
over the 5 × 20 obstacle computational domain; the velocity field around the
central obstacle (at 〈x, y〉 = 〈0, 0〉) was saved onto a regular grid using bi-linear
interpolation for use in the particle advection simulations.
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Figure A.2: The computational grid, consisting of triangular mesh elements,
is shown in the region surrounding one obstacle within the full computational
domain (Fig. A.1).
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Figure A.3: The element quality, where a flat element (of zero area) is defined
as 0 and and an equilateral triangle is defined as 1, is shown for a representative
mesh. The mean element equality is 0.944.
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refinements to within 2% (an order of accuracy analysis was not performed).

Fig. A.2 shows the refined computational grid around one obstacle within the

larger full computational domain (Fig. A.1). The mean element quality was

0.944, where 0 is defined as a flat element (of zero volume) and 1 is an equilat-

eral triangle); a histogram of element equalities is plotted in Fig. A.3.

Momentum conservation validation. The CFD simulations were validated by

ensuring that momentum was conserved between inlet on the −x boundary

of the computational domain and (1) ±x boundaries of the unit structure (i.e.,

the central obstacle within the computational domain), and (2) within the gap

between adjacent obstacles. It was determined that the momentum flux was

conserved within 0.00057% along the ±x boundaries of the unit structure, and

within 0.0025% in the gap between adjacent obstacles.

A.2 Particle advection simulations

A particle advection simulation was developed in MATLAB to track an initially

uniform distribution particles through a series of simulated obstacle arrays; un-

less otherwise noted in this work, array 100 obstacles long were simulated.

The simulation is based on the velocity fields calculated as described in Ap-

pendix A.1, and provides the shear stress time history used by the cell capture

Monte Carlo simulation, as described in detail in Chapters 3.3 and 3.4.3. It is

parallelized based on particle diameter using parfor loops in MATLAB.
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Governing equations. Particle trajectories are governed simply as

dx

dt
= u(x), (A.4)

where x is the particle position vector and u is calculated as

u = ufluid + upenalty + 〈uDEP〉, (A.5)

where ufluid is the fluid velocity field in the absence of the particle, upenalty is a

penalty function that enforces the no-penetration boundary along the obstacle

surfaces (described later in this section), and 〈uDEP〉 is the time-averaged veloc-

ity due to dielectrophoresis (DEP); calculated as described in Appendix A.3).

Spatial discretization. A spatial grid with 0.5 µm spacing (e.g., a 401×401

point grid for a unit structure 200 µm square) for both the x and y velocity com-

ponents was interpolated at each timestep along the cell’s trajectory using a bi-

linear interpolation; this interpolation was performed using a version of MAT-

LAB’s interp2 function modified for improved computational efficiency by

removing redundant code and assuming a uniform grid. Higher order schemes

were not considered for reasons of computational efficiency.

Time discretization. The governing equations were integrated from time t =

0 to t = tend using ode45, a fourth-order Runge–Kutta scheme with adaptive

timestepping, in MATLAB; this scheme was chosen because the problem is non-

stiff, and the scheme was found to result accurately advect particles through

the unit structure. tend was specified such that all particles advected through

the unit structure in that time. Relative and absolute error tolerances of 10−7

were chosen based on a convergence study which found that those tolerances

resolved the particle’s output position in the unit structure to within 0.015%;
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tighter tolerances were found to increase the computational time without sig-

nificantly increasing the accuracy.

Enforcing the no-penetration condition. An ad hoc quadratic penalty func-

tion, designed to mimic the compression of a deformable sphere, was used to

enforce a no-penetration condition when the center of a simulated circular par-

ticle (of radius a) approached a distance r < a from the obstacle surface. This

condition was imposed as an additional velocity, upenalty, which acts normal to

the obstacle surface when r < a:

upenalty = S max(u)(r − a)2, (A.6)

where max(u) is the maximum velocity in the unit structure, and S is an arbi-

trary scaling factor; S = 300 was chosen so as to ensure that a cell remained

in contact with the obstacle, traveling along the obstacle surface, rather than

repeatedly making and breaking cell–obstacle contact. This quadratic penalty

function has not been experimentally verified.

A.3 Modeling dielectrophoresis (DEP)

The simulations described in Chapter 4 consider particle advection and cell cap-

ture as described previously in this appendix, along with an additional forcing

term due to dielectrophoresis (DEP).

Electric field modeling. COMSOL Multiphysics was used to calculate the

electric field in the absence of any simulated cells by solving the Laplace equa-
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tion,

∇2φ = 0 (A.7)

where φ is the electric potential (the negative gradient of the electric field, E; i.e.,

E = −∇φ). This electrostatics model assumes that the electric permittivity, ε, is

uniform throughout the domain; this assumption is incorrect in the electrical

double layer, but we restrict ourselves to cases where the Debye length is much

smaller than the particle radius. We also neglect charge conduction into or out

of the obstacles by assuming zero conductivity (σ) at the obstacle surface; in this

system, the Dukhin number is much less than unity (Du� 1), and bulk conduc-

tivity dominates surface conductance. Furthermore, we also neglect the effect

of the cells on the bulk electric field, similar to our assumption in Appendix A.1

in which we neglect the cells’ effect on the fluid velocity field.

Modeling DEP forcing. We model cells as spherical, uniform, isotropic,

dielectric particles using a dipole approach as described by Morgan and

Green [119, 120] and Kirby [81]. Briefly, we first solve for the electric poten-

tial, φ, around a sphere in a uniform applied field so as to calculate the sphere’s

effective dipole in that uniform field, and then calculate the force on that dipole

in a linearly varying electric field.

This dipole approximation assumes that the electric field, E0, varies slowly

as compared to the particle radius, a, (i.e., E/∇E � a); around a cylinder of

radius R, ∇E is at most O(E/R), therefore this approximation is valid when

R/a � 1. The geometries and particle diameters described in Chapter 4 range

from R/a = 4.2–12.5, resulting in a small but nonzero error with the dipole ap-

proximation; a more accurate approximation would use a multipolar expansion

of the electric field in powers of 1/r as described by Morgan and Green [119,120]
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and Kirby [81]. Additionally, although strong gradients do occur in the electri-

cal double layer (EDL), the Debye length is much smaller than a at the O(100

kHz) frequencies we consider [81] (i.e., the cells are not in the EDL).

The resulting time-averaged DEP force on a particle in the applied AC elec-

tric field (i.e., the field that would exist if the particle were absent) is given by

〈FDEP〉 = πεma
3<(fCM˜ )∇ (E0 · E0) , (A.8)

where εm is the permittivity of the medium, a is the particle radius, <(fCM˜ ) is

the real part of the complex Clausius-Mossotti factor, and E0 is the magnitude of

an externally applied electric field of angular velocity ω, E = E0sin(ωt); bolded

variables denote vectors, and an undertilde denotes the complex representation

of two real quantities. The complex Clausius-Mossotti factor is given by

fCM˜ =
εp˜ − εm˜
εp˜ + 2εm˜ , (A.9)

where ε˜ = ε − jσ/ω, j =
√
−1, and σ is the conductivity; the subscripts p

and m denote the particle and medium, respectively. We use the frequency-

dependent values of <(fCM˜ ) for several pancreatic cancer cell lines (BxPC-3,

Capan-1, PANC-1) and peripheral blood mononuclear cells (PBMCs) as re-

ported in Huang et al. [18]; this response function is calculated using a dielectric

shell model that is informed by experimental measurements of the cross-over

frequency—i.e., the frequency at which <(fCM˜ ) = 0.

From eqn. A.9, and recalling that the drag force for a spherical particle of ra-

dius a in a fluid of velocity u and viscosity η is given by 6πuηa, we can calculate

the dielectric mobility, µDEP, of that sphere as

µDEP =
a2εm<(fCM˜ )

6η
, (A.10)
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and thus calculate the time-averaged DEP velocity, 〈uDEP〉 as

〈uDEP〉 = µDEP∇|E0|2. (A.11)

This time-averaged DEP velocity used in the particle advection simulations as

described in Appendix A.2.
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