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ABSTRACT 

 Dynamic, biologic systems are often driven by organized forces produced by small 

constituent molecules or cells. For example, the motion of a neutrophil tracking down a pathogen 

is powered by directed actin polymerization and myosin contraction [1-3]. Likewise, the 

movements of single cells are marshalled together during morphogenesis to properly form an 

organism [4-6]. It has become common to call such systems active matter [7, 8]. Because the 

internal components of an active system produce force, the system as a whole can spontaneously 

produce persistent motion without external driving forces. This behavior is present in sheets of 

epithelial cells as well as dense suspensions of swimming bacteria. 

 The work presented here seeks to quantify and model active matter in two archetypical 

systems, wound healing of crawling eukaryotic cells and dense suspensions of swimming 

bacteria. In both of these systems, the cells that power the motions are at low Reynolds number, 

move in a directed fashion, and exert dipole distributed forces. Can similar physics describe the 

resulting dynamics? Here we address this question using experiments to probe how collective 

motion of these cells responds to altered or confined environments and compare the results to 

mathematical models that predict the dynamics of interacting, moving dipole force producers.   

We begin by determining how to accurately and efficiently quantify flow in these 

systems [9]. The standard method for measuring cell-scale flows and/or displacements has been 

particle image velocimetry (PIV); however, alternative methods exist, such as optical flow 

constraint. We tested these methods head-to-head in the context of cellular biophysics and found 

that a relatively simple implementation of optical flow outperforms PIV.  

Next, we studied how biophysical activity of an isolated cell impacts collective dynamics 

in epithelial layers [10]. Although many reports suggest that wound closure rates depend on 

isolated cell speed and/or leader cells, we find that these correlations are not universally true. 

Our experimental data, when coupled with a mathematical model for collective migration, shows 

that intracellular contractile stress, isolated cell speed, and adhesion all play a substantial role in 

influencing epithelial dynamics, and that alterations in contraction and/or substrate adhesion can 

cause confluent epithelial monolayers to exhibit an increase in motility, a feature reminiscent of 

cancer metastasis. 
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 Finally, we turn to dense suspensions of swimming rod-shaped bacteria, where the forces 

that drive single-cell movements coordinate to generate large-scale fluid flows that lead to 

complex, and sometimes turbulent, motions [11].  We found that confined suspensions of E. coli 

form large-scale vortices that undergo periodic reversals. The active nature of this system 

produces density asymmetries that drive these reversals, and modest changes in cell length 

inhibit them.
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Chapter 1 

Introduction  
On the continuum of cell biology complexity, Madin-Darby canine kidney (MDCK) 

cells (Chapter 3) and the rod-shaped bacterium Escherichia coli (Chapter 4) are about as 

distant as possible.  An archetypical prokaryote, E. coli is not very big, with a length of ~3 

µm and a circular cross-section of ~1 µm in diameter.  The structure of the inside of the cell 

is simple: the correspondingly small genome (~5000 genes) exists on a circular DNA 

molecule that is interspersed within the cytosolic fluid.  The cell body is quite rigid, 

supported by a cell wall that resides immediately outside the inner membrane of the cell. 

Like many rod-shaped bacteria, E. coli is able to swim through fluids by rotating long 

helical filaments, known as flagella. These flagella spin in the external fluid, driven by their 

attachment to flagellar motors that are anchored within the cell wall. By comparison, 

MDCK cells are a fairly standard, epithelial eukaryotic cell, with an internal structure that is 

partitioned into a number of membrane-bound organelles, most notably the nucleus, which 

contains a genome of ~20,000 genes that are distributed amongst a hyperdiploid set of 

chromosomes.  The cell itself is amorphous. The flexible cell membrane, unencumbered due 

to the lack of a cell wall, deforms as the cytoskeleton rearranges to propel the cell across 

surfaces, in a process known as cell crawling. That is, the cell biology is strikingly different 

between these two organisms. In spite of their marked differences, these two types of cells 

show surprisingly similar behavior when they migrate collectively. Within both wounded 

monolayers of epithelial cells and dense suspensions of rod-shaped bacteria, the motions are 

characterized by transient vortices, jets, and long-range velocity correlations much larger 

than the individual cells [12-14]. 

Why do these two systems appear so similar?  

Fundamentally, collective cell movements are the result of interacting single cells. 

Here we show that it is what these two opposite cell systems share, their active matter 

physics, that drive the collective cell behavior. Specifically, both organisms show similar 

collective behavior because they both live at low Reynolds number, move in a directed 

fashion, and exert a dipole distributed force on their surroundings. 



 
 

 9 

The first similarity between the physics of both systems studied here is the 

dimensionless Reynolds number (Re), a ratio of inertia to viscosity. In terms of 

characteristic length and velocity scales, L and U, respectively, Re = rUL/h, where r is the 

density and h is the dynamic viscosity of the fluid. For E. coli, where L ~ 3 µm and U ~ 20 

µm/s, Re is on the order of 10-5. Because the resistive forces that act on crawling MDCK cells 

are due to interaction with the cell substrate rather than with a fluid, it is more appropriate to 

define an effective Reynolds number, Reeff, that is the ratio of inertial “forces” to resistive forces. 

Since the inertial “forces” scale like rVU2/L, where V is the volume of a cell, and resistive 

forces scale like zUA, where z is the drag coefficient and A is the area of a cell, Reeff ~ rU/z. 

For MDCK cells, U ~ 3x10-3 µm/s, r ~ 1 g/cm3 [15], and z ~ 100 pN*hr/µm3 [16]. Therefore, 

Reeff is on the order of 10-12. When Re << 1, inertia becomes negligible and therefore drag 

forces must balance thrust forces on a body such that the sum of forces on the body is zero. 

Secondly, both organisms move in a directed manner and produce dipole-distributed 

forces. At the single cell level, eukaryotic cell migration has been well studied and the 

directed nature of locomotion has been shown [17, 18]. Briefly, polymerization of the actin 

cytoskeleton drives the protrusion of the leading edge of the cell forward, creating 

lamellipodia, filipodia and combinations thereof (Fig. 1.1A). These structures then attach to 

the substrate or extracellular matrix as integrin-based adhesions. Actomyosin contraction 

leads to the exertion of a traction force on the substrate, and finally, the rear of the cell 

retracts. Since cells pull forwards in the rear of the cell and backwards at the front of the 

cell, individual cells produce dipole-distributed stresses. These dipole-distributed stresses 

lead to a net thrust force that propels the cell forward in the direction of the polarization of 

the cell. Additionally, because the turnover of integrin is fast compared to the crawling 

speed of the cell, the interaction between the cytoskeleton and the substrate can be treated as 

a resistive drag force [19]. 

Swimming rod-shaped bacteria such as E. coli also produce dipole-distributed forces. 

These organisms swim by rotating several thin helical flagella attached randomly across 

their “cocktail sausage shaped” cell bodies [20] (Fig. 1.1B). When the flagella rotate 

counterclockwise, they bundle together and produce a force that acts on the cell body which 

drives the cell forward; the movement is called a “run.” When the flagella turn clockwise, 

the bundle falls apart, the flagella turn independently, and the cell body moves erratically; 
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this is called a “tumble.” During a “run,” there is an additional force acting on a bacterium, 

fluid drag. Because thrust comes from the flagellar bundle yet drag acts on both the flagellar 

bundle and the cell body, the location of thrust is displaced from the center of drag, and the 

bacteria exert a dipole force on the fluid. 

 
Figure 1.1| Basic size and structure of MDCK and E. coli cells. Velocity, U0, is shown in 
the direction d. (A) Single MDCK cell migration on a flat 2D surface seen from the side 
(top) and from above (bottom). Green crosses represent actin polymerization and membrane 
protrusion. Also indicated are contact adhesions with the substrate (blue lines), where the 
quantity or quality of adhesions is greater in the front of the cell. The cell exerts a net force 
–F0 on the substrate and an equal but opposite force is exerted on the cell. The substrate 
exerts a drag force, -Fdrag on the cell. The thrust and drag forces are offset which produces 
an effective dipole stress on the cell. (B) E. coli swimming in a fluid, where rotating helical 
flagella bundle behind the cell body (green) and produce a thrust force, F0, on the 
bacterium. The center of thrust is located at XT. The fluid exerts a drag force, Fdrag, on the 
bacterium. Because the cell body does not exert thrust, but experiences drag, the center of 
drag XD is located at XD = XT + bd, where b is the dipole length. 

 

Another similarity between the constituents in these systems is their abilities to interact 

with one another. Epithelial cells can adhere to each other via cadherin junctions. Therefore, 

when in contact with each other, the contractile forces within a cell are transmitted to its 

neighbor. Rod-shaped bacteria push against the fluid they swim in, generating fluid flows that 
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die off at length scales comparable to the size of the bacterium. In dense suspensions of bacteria, 

the bacteria can generate substantial fluid flows due to the close proximity of each bacterium 

allows the flow produced by one bacterium to interact with flows generated by neighboring cells.  

These flows can add together to produce a bulk fluid flow. In addition, hydrodynamic forces 

between the cells can cause the bacteria to align with their neighbors due to their rod-like 

shape, much like a nematic liquid crystal. 

In a very simplified view point, then, the physics of the collective motion of these 

systems are quite similar.  The cells generate dipole-distributed forces that propel them in a 

specific direction.  The surrounding environment resists the motion of the cells, and the 

cells interact with one another.  Is this coarse-grained picture of the collective motion in 

these systems sufficient to quantitatively describe the dynamics that ensues? 

 Here, we experimentally quantify the collective behavior of collectively migrating 

epithelial cells and dense suspensions of swimming bacteria and compare the results to 

mathematical models of interacting, moving dipole force producers to show that similar physics 

can describe collective migration in two different biological systems. 
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Chapter 2 

On the Quantification of Cellular Velocity Fields 
A modified version of the work that was previously published as [9]. 

 
The first step in understanding collective cell behavior is visualization and measurement of 

the velocity fields produced by the collectively migrating cells. The application of flow 

visualization in biological systems is becoming increasingly common in studies ranging from 

intracellular transport to the movements of whole organisms. In cell biology, the standard 

method for measuring cell-scale flows and/or displacements has been particle image velocimetry 

(PIV); however, alternative methods exist, such as optical flow constraint. Here we review PIV 

and optical flow, focusing on the accuracy and efficiency of these methods in the context of 

cellular biophysics. Although optical flow is not as common, a relatively simple implementation 

of this method can outperform PIV and is easily augmented to extract additional 

biophysical/chemical information such as local vorticity or net polymerization rates from speckle 

microscopy. These results, and the implementation of optical flow enabled us to accurately 

measure the collective behavior of the systems shown in chapters three and four. 

 

STATEMENT OF THE PROBLEM 

Large-scale coordinated motion is ubiquitous in cell biology. Indeed, cytoskeletal flow 

within a single cell is due to the movement of molecules, and, similarly, individual cells can 

adhere to one another and form multicellular conglomerates that exhibit fluid-like motion [12]. 

Time-lapse images at either of these cellular length scales show persistent features that move 

with the intramaterial flow. For example, in speckle microscopy, the locations of bright spots in 

an image correspond to the positions of single or multiple fluorescently labeled F-actin 

molecules [21]. Previous studies have utilized single-particle tracking (SPT) methods to follow 

the movement of each speckle, there by extracting the F-actin flow [22]. SPT has also been used 

to track individual cells during wound-healing assays [23, 24], producing cell trajectories that 

follow the bio flow. However, when the displacement of a particle exceeds the average 

interparticle spacing, the use of SPT to properly identify individual particles from frame to frame 

becomes computationally difficult or even impossible [21]. 
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An alternative is to use flow visualization methods that determine the ‘‘best guess’’ for 

the displacements of subregions within the image between subsequent frames [25]. That is, 

rather than identifying and tracking individual features in time-lapse images, flow visualization 

techniques effectively compute the average motion over a few too many features. In cell biology 

and biophysics, the most common of these techniques is particle image velocimetry (PIV) [26], 

which has been used to quantify the internal cytoskeletal movements that drive cell migration 

and mitosis [27, 28]; the collective migration of mammalian cells during development, tissue 

remodeling, wound healing, and cancer [12, 13, 29, 30];and the fluid-like behavior of dense 

suspensions of bacteria [14, 31]. PIV has also been employed to map cytoplasmic flow in 

embryos [32] and used in conjunction with SPT methods to track bead displacements in traction 

force microscopy [33]. 

The extensive usage of PIV in cellular biology has suppressed other methodologies for 

flow extraction, and many researchers may not be aware that other modalities are available. One 

such alternative is optical flow constraint [34]. Here, we review and benchmark PIV and optical 

flow constraint within the context of modern cell biology and biophysics research. We find that 

optical flow is more accurate and efficient than PIV. This methodology, then, needs more 

exposure within the biophysics community, as flow field reconstruction is crucial for defining 

how force and movement are connected in extended biological systems, and is also necessary for 

quantitatively validating mathematical models and testing their predictions. 

A Brief Introduction to SPT, PIV, and Optical Flow 

At a basic level, SPT is the most conceptually simple methodology for tracking 

motion in a sequence of images. Individual features in a frame (e.g., the signals from 

fluorescently labeled proteins) are identified and labeled. In each subsequent frame, the 

location of those features is notated and the distance that each particle has moved is then 

easily quantified. Because individual motions of particles are being tracked, this method can 

handle movements that vary over short spatial distances, such as random or chaotic motion. 

However, because the features that are being tracked are often similar in appearance, as the 

number of particles or features increases, it becomes increasingly difficult to accurately 

determine which feature at one time corresponds to the same feature at a later time. This 

problem can be confounded due to particle disappearance or particle merging or splitting 

[35]. Although many of these problems can be overcome for moderate object densities, the 
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computational time required to accurately track the particles is limiting and the method still 

can break down at high densities [35]. In addition, when the features are not point-like (e.g., 

when tracking movement in a confluent layer of cells), it may not be possible to consistently 

identify specific persistent features. 

 Instead of tracking individual features, PIV and optical flow seek to identify the 

average movements of subregions in the image. Therefore, these methods are more robust to 

noise in the images but are not able to capture high-frequency movements that occur over 

small spatial distances. Both of these methods compare the intensity distribution in a 

subregion of the image with the intensity profiles obtained at later time points to minimize 

(or maximize) a specified quantity (which can be considered to be a cost function). 

 PIV assumes that if the flows are smooth enough, nearby features in the image will 

stay in a relatively similar orientation with respect to each other from one frame to the next. 

Therefore, we want to find the subregion in a subsequent image where the particle 

orientations match best with the sub-region at the current time. PIV uses correlation 

functions to determine this best guess for the displacements of subregions between two 

subsequent images (Fig. 2.1, A and B) (a fairly extensive description of PIV and its 

applications is given in [26]). In this method, the user defines an interrogation window, 

which typically is a square domain of size N x N pixels. Subregions the size of the 

interrogation window are excised from one image and then rastered over a subsequent image. 

At each position of the raster, the correlation between the excised subregion (region 1) and 

the overlapped region (region 2) is computed as 

𝐶(𝑖, 𝑗) =
∑ ∑ (𝐼*(𝑘, 𝑙) − 𝐼*̅)(𝐼/(𝑘 + 𝑖, 𝑙 + 𝑗) − 𝐼/̅)123456	/123456	*

8∑ (𝐼*(𝑘, 𝑙) − 𝐼*̅)/123456	* 	∑ (𝐼/(𝑘 + 𝑖, 𝑙 + 𝑗) − 𝐼/̅)/123456/

, 

where I1,2 is the intensity in region 1 or 2, respectively, and I denotes the average intensity in 

the subregion. The displacement of the subregion from its original location is (i, j). Because 

the correlation function compares the intensity difference from the average intensity, when 

two bright regions or two dark regions overlap, there is a positive contribution to the 

correlation function. However, when a light region overlaps with a dark region, there is a 

negative contribution to the correlation. Consequently, the correlation is maximized when 
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there is the most overlap between the two regions. The location of this peak in the correlation 

then defines how far the subregion has moved between the two images (i.e., the displacement 

vector) (Fig. 2.1B). Typically, the peak is fitted to either a quadratic or Gaussian function to 

obtain subpixel resolution of the peak location [26]. Because PIV makes a statistical 

comparison between the two images, it relies on having sufficient information within each 

subregion to accurately determine the displacement. Therefore, the size of the interrogation 

window needs to be chosen so that each subregion contains multiple particles. One draw-

back to PIV is that detection of the cross-correlation peak is susceptible to errors, especially 

when the signal/noise ratio is low [36]. Therefore, it is necessary to identify and re-move 

erroneous vectors [36]. A method for reducing errors is multipass PIV, in which a large box 

size is used to coarsely determine the displacements. One can then refine the displacement 

field by subsequently iterating with decreasing box sizes [26], thus improving the accuracy 

but also increasing the computation time (Fig. 2.1A). If the velocity field is assumed to be 

quasi-stationary (i.e., it does not vary much over a few frames), multiple frames can be used 

to define the correlation function, which can greatly enhance the accuracy and spatial 

resolution of PIV [37]. 
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Figure 2.1| Techniques for flow extraction. (A) One-dimensional illustration of the intensity in 
an image at time t (blue) and t+Dt (yellow), corresponding to the net rightward motion of two 
bright features. (B) In PIV the user defines an interrogation area that encompasses identifiable 
features within the image. This region (dashed line) at time t is then rastered over the image at 
t+Dt and the cross-correlation function is used to determine the best match for the new location 
of that feature. (C) Optical flow constraint uses the change in intensity between two images 
along with the intensity gradient to determine the velocity. The image intensity is first blurred to 
spread out information in the image over a larger region (i.e., to produce greater overlap between 
the image features at t and t+Dt). The change in intensity is then described by Eq. 1, and one uses 
an LSM to determine the velocities within subregions of the image by computing the change in 
intensity and intensity gradients from processed image pairs. 
 

 Optical flow constraint, developed by Lucas and Kanade [34], is based on the 

physical/mathematical description for flow-driven transport, the advection equation (Fig. 

1B). In microscope images, information about the locations of objects is encoded in the 

intensity in the image, regardless of the imaging modality. Movement of the objects with 

local velocity v transports the image intensity profile I. Therefore, over small but finite time 

differences Dt, the change in the intensity is described by 
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∆𝐼
∆𝑡 =

𝐼(𝑡 + ∆𝑡) − 𝐼(𝑡)
∆𝑡 = −𝑣 ∙ ∇𝐼. 

This equation assumes that the objects do not move by substantial distances between images. 

To allow the methodology to work for larger displacements, the images can be blurred using 

a Gaussian function with a standard deviation that we denote as BlurSTD (Fig. 2.1C). In the 

advection equation, information about the velocity is effectively transmitted to subsequent 

times by the gradient in the image. Blurring the images acts to spread this information out 

over larger distances. Blurring can also be considered as a form of subsampling the images, 

which is known to improve the optical flow method [38, 39]. Based on these arguments, the 

BlurSTD should be comparable to the characteristic velocity multiplied by the time between 

images (Fig. 2.1C). Using the blurred images, the image at one time is then subtracted from 

an image at a later time and the gradient is calculated using the average intensity at both time 

points. Finally, the velocities in subregions of the image are determined by minimizing the 

squared residuals of Eq. 2 in the subregion using a least-squares method (LSM) [34]. 

Blurring in this method is a means of regularizing the estimated velocity field. An alternative 

or additional method for regularization in the context of optical flow involves adding an 

additional cost function that minimizes the gradient in the velocity field [40]. It is also 

possible to use a recursive or hierarchical analysis, sometimes known as a pyramid method, 

that coarsely determines the velocity field using a highly blurred or subsampled image, and 

then gradually refines the velocity measurements by shifting subregions in the image using 

the coarse velocity field and then using a less blurred image to more accurately capture the 

small-scale flows [38, 39]. This recursive method is analogous to multipass methods for PIV. 

 

RESULTS 

Accuracy and efficiency of velocity field measurements 

 There have been a few head-to-head comparisons between PIV and optical flow 

constraint [39, 41]. Since the use of PIV is widespread within the biophysics and cell biology 

communities, we were surprised to find that these comparisons typically show that optical flow 

constraint outperforms PIV in both accuracy and efficiency. However, these comparisons were 

not made within the context of images typically obtained in cell biology research, so we chose to 

benchmark the methods with multiple synthetic movies that we created to represent the motion 
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of ellipsoidal particles at a range of densities within different flow fields acquired by either 

epifluorescence or differential interference contrast (DIC) microscopy. Here we describe the 

results from three of these synthetic movies (Fig. 2.2, a–c;). We observed the same trends in all 

of our other test cases as well. The flow fields in each movie were determined using optical flow 

and PIV [42] with single-pass and four-pass fast Fourier transform window deformation. We 

computed the accuracy of the three methods using the L2-norm (Fig. 2.2c). In all cases, optical 

flow and four-pass PIV had substantially better accuracy than single-pass PIV. Optical flow was 

also significantly more accurate than four-pass PIV in all cases except for spatially uniform 

motion (i.e., pure translation). In addition, single-pass and four-pass PIV exhibited more 

variation between frames than optical flow, suggesting that PIV is prone to more errors than 

optical flow (Fig. 2.2d). Finally, we tested the efficiency of optical flow and single- and four-

pass PIV by measuring each method’s computation time for various image sizes. We found that 

on average, optical flow was ~2–3 times faster than single-pass PIV and 29 times faster than 

four-pass PIV (Table 1). 
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Figure 2.2| Validation of optical flow (cyan) and single-pass (yellow) and four-pass (magenta) 
PIV. (a–c) The accuracy of each methodology was determined by computing flow fluids from 
synthetic movies exhibiting (a) spatially uniform motion, (b) a dilute density of particles rotating 
in a single vortex, and (c) a dense population of particles rotating in multiple vortices. The 
overlays show discrepancies between optical flow and four-pass PIV. (d) L2-relative norm errors 
for all test cases. 
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Table 1. Efficiency of Optical Flow Compared with PIV 

 

Biological applications and extensions 

Our results from analyzing the synthetic movies suggest that optical flow constraint 

outperforms PIV, which is consistent with previous findings [39, 41], but how well do each of 

these methodologies handle real biological data? The difficulty with this question is that in most 

scenarios the ground truth of the flow is not known. By eye, we can often pick out the direction 

of flow on a coarse scale, which can be used to qualitatively evaluate the computed velocity 

field. However, this does not provide a good means for evaluating the fine structure of the 

velocity field, nor does it allow one to judge whether the magnitudes of the computed velocities 

are correct. In our own work, we have found that although we can sometimes get reasonable-

looking velocity fields, the magnitudes of the velocity are off substantially. 

 If we are going to use extracted velocity fields to quantify the dynamics of biological 

systems and/or to test predictions from mathematical models of cellular mechanisms, we must 

have a way to validate the outputs of these algorithms when the real flow field is not known. 

Here, we suggest a method to address this issue: simulating synthetic tracer particles in the 

computed velocity field and overlaying the position of the particles onto the original time-lapse 

images. If the locations of the particles follow the motion of nearby identifiable features in the 

images, one can be fairly confident that the extracted velocity fields are reasonably accurate. We 

implement this method by randomly seeding 100 tracer particles into the first frame of a movie. 

The corresponding velocity field for the first image is then interpolated onto the particle 

positions and the position of the particle is updated using a forward Euler time-stepping routine. 

This process is repeated for all frames of the movie and any particles that flow out of the image 
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domain are excluded. This approach is especially useful for images acquired by DIC microscopy, 

where tracking individual cell trajectories is notoriously difficult [13]. 

 We used this methodology to examine how well optical flow constraint and PIV 

performed in quantifying bio flows in two common biological scenarios: confluent epithelial 

layers (Fig. 3a), and dense suspensions of Escherichia coli (Fig. 2.3b). For confluent epithelial 

layers, this analysis revealed that although both the single-pass and four-pass PIV methods were 

able to generate reasonable-looking flow fields, they were unable to continuously follow the 

motion of the cells (Fig. 2.3a). In contrast, using velocity fields that were computed by optical 

flow with image blurring produced particle trajectories that accurately followed features in the 

images; however, if the image was not pre-blurred, optical flow broke down, producing velocity 

fields that were near zero (Fig. 2.3a). For dense suspensions of E. coli, we found that pre-

blurring did not degrade the velocity as significantly as it did for the confluent epithelial cells. 

This is because these images were captured at 32 fps and the bacteria moved at ~30 µm/s. 

Therefore, the average displacement of a bacterium between frames was smaller than the size of 

the bacterium. An interesting feature of the tracer particle dynamics in these movies is that 

although single-pass PIV, four-pass PIV, and image-blurred optical flow all produced 

approximately similar velocity fields, tracer particles that were simulated using one of the flow 

fields could end up far from a tracer particle that was started in the same position but updated 

using a velocity field that was extracted by a different method. Careful inspection of the movies 

suggests that all of these methods computed the velocities reasonably well, but the chaotic nature 

of the flows in these dense bacterial suspensions led to large discrepancies in the tracer particle 

trajectories (Fig. 2.3b). 
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Figure 2.3| Recreating flows in collective cell migration using tracer particles. (a and b) The 
trajectories of simulated tracer particles, calculated from velocity fields extracted by optical flow 
using blurred (cyan) or unblurred (green) images, or extracted using single-pass (yellow) or four-
pass (magenta) PIV were used to determine the accuracy of the measured flow displacements in 
(a) confluent MDCK type I monolayers (scale bar, 50mm) and (b) dense sus-pensions of E. coli 
(scale bar, 50mm). These tracer particles are overlaid on the velocity field (blue) that was 
extracted using optical flow with blurring. 
 

 These results suggest that although PIV can be accurate in some instances, optical flow 

provides a more robust method for tracking bioflows. An added benefit of optical flow is that it 

is straightforward to augment Eq. 2 to extract additional information. For example, local vorticity 

or shearing flows can be determined by adding spatial dependence to the velocity field [34], or a 

reaction term can be added to deter-mine local density changes [22, 43]. The latter extension 

maybe relevant for speckle microscopy, where polymerization or depolymerization of actin 

locally adds or removes particles [28]. In regard to the advection equation (Eq. 2), the creation or 

destruction of particles is mathematically represented by an additional source term. If we treat 

this source term as a scalar quantity that is positive (negative) when polymerization 

(depolymerization) exceeds depolymerization (polymerization), then adding a source term g to 

Eq. 2 should allow the optical flow method to simultaneously determine the velocity field and 

the local assembly rate, as has been done in the context of actin dynamics [22, 43]: 
∆𝐼
∆𝑡 = −𝑣 ∙ ∇𝐼 + 𝛾 
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The residuals of this equation are then minimized with respect to the two components of the 

velocity and the source term using an LSM. We tested the accuracy of this method by creating a 

synthetic movie in which fluorescent ellipsoid-shaped particles were transported by a set velocity 

field and stochastically added or removed using prescribed polymerization and depolymerization 

rates (Fig. 2.4a). We found that optical flow with the added reaction term was able to sufficiently 

capture the local net polymerization rates of the particles. We also tested this version of optical 

flow against previously measured net assembly rates of F-actin in fluorescent speckle 

microscopy movies [28]. Indeed, optical flow with a reaction term was able to qualitatively 

reproduce the previously measured net assembly rates of F-actin (Fig. 2.4, b and c). These results 

are in agreement with previous studies in which optical flow was applied with a source/sink term 

to extract speckle flow fields [22, 43]. 

 
Figure 2.4| Measuring F-actin flow and polymerization rates using optical flow. (a) The 
accuracy of measuring net assembly rates by adding a reaction term in optical flow was 
determined by comparing the known net polymerization rate of fluorescent synthetic particles 
(top panel) with one calculated using the augmented version of optical flow (bottom panel). The 
root mean square of the error between the computed and known polymerization rates normalized 
by the root mean square of the known polymerization rate is 0.5. (b) The flow of F-actin in newt 
lung epithelial cells was computed using optical flow augmented with a reaction term (top panel) 
and speckle tracking (bottom panel, from Ponti et al. (9)). Arrows show velocity vectors and 
colors represent the flow speed.(c) The net assembly rate of F-actin as a function of distance 
from the border that was calculated using optical flow agrees well with Ponti et al.’s (9) data that 
illustrate the rate profiles (s1) as a function of distance (microns) (inset, black line). The bottom 
panel of (b) and inset in (c) are reprinted with permission from Science and Gaudenz Danuser. 
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DISCUSSION 

 Accurate measurements of large-scale flows within cells and cell collectives provide key 

information that allows one to determine the biophysics of cellular transport and motility. In 

addition, these data can be integrated with biochemical perturbations or biosensors to help reveal 

mechanochemical mechanisms in cell biology [24, 44, 45]. SPT techniques and PIV have been 

the principal means for analyzing bioflows in the cellular biophysics and cell biology 

communities. The computer vision community, though, has developed other alternatives that 

have not received the same notice or usage. Here we focused on optical flow constraint, a 

method developed by Lucas and Kanade [34] in 1981. In our own research, we found that this 

algorithm was easy to implement, took less time to run, and provided velocity fields that were 

roughly comparable to the output from PIV [42]. Therefore, we sought to determine which of 

these methods is more accurate. Despite the broad use of PIV in cell biology, we found that 

optical flow is more accurate and can be substantially more efficient than PIV. It is not 

surprising, then, that optical flow is already being extensively applied in traditional 

hydrodynamic studies [46, 47] outside of biology. 

 An aspect of optical flow constraint that greatly appeals to us is the fact that it is based on 

the physics of transport. Because of this, if other physical processes are also known to be at play 

in a system, it is straightforward to augment the transport equation to include these additional 

processes, as we showed using a source term to extract net polymerization rates from speckle 

images. However, whatever method is used, we feel it is important for researchers to test how 

well that method recreates the flow. One method, proposed here, is to use simulated tracer 

particles to determine whether the flow fields correspond to identifiable features in the images. 

 From our perspective, the biophysics and cell biology communities should not be so 

reliant on PIV and should be aware of other methods such as optical flow constraint. Although 

other groups are using optical flow constraint to investigate speckle flow [22, 43], as well as 

extending the method for use with DIC microscopy [48], optical flow is still not commonly used 

within the biophysics and cell biology communities. To this end, we have provided a work-flow 

of the optical flow constraint algorithm in Data S1along with the MATLAB code and an 

instruction manual. But there is a much broader statement that should be made here. More and 

more, researchers are looking to live-cell imaging to provide a quantitative understanding of 

cellular mechanisms. Image processing is crucial to make sense of the vast data contained within 
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these images. Therefore, it is necessary for us to make a greater effort to familiarize ourselves 

with work from the computer vision community [49]. If we, as a community, do not make a 

conscious effort to bridge the gap between cell biology and computer vision, we may end up, in 

the best-case scenario, wasting time generating less accurate data, and, more critically, we may 

completely miss mechanistic features contained in our movies. 
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Chapter 3 

Cellular Contraction Can Drive Rapid Epithelial Flows 
A modified version of the work previously published as [10]. 

 

Single, isolated epithelial cells move randomly; however, during wound healing, organism 

development, cancer metastasis, and many other multicellular phenomena, motile cells group 

into a collective and migrate persistently in a directed manner. Recent work has examined the 

physics and biochemistry that coordinates the motions of these groups of cells. Of late, two 

mechanisms have been touted as being crucial to the physics of these systems: leader cells and 

jamming. However, the actual importance of these to collective migration remains 

circumstantial. Fundamentally, collective behavior must arise from the actions of individual 

cells. Here, we show how biophysical activity of an isolated cell impacts collective dynamics in 

epithelial layers. Although many reports suggest that wound closure rates depend on isolated cell 

speed and/or leader cells, we find that these correlations are not universally true, nor do 

collective dynamics follow the trends suggested by models for jamming. Instead, our 

experimental data, when coupled with a mathematical model for collective migration, shows that 

intracellular contractile stress, isolated cell speed, and adhesion all play a substantial role in 

influencing epithelial dynamics, and that alterations in contraction and/or substrate adhesion can 

cause confluent epithelial monolayers to exhibit an increase in motility, a feature reminiscent of 

cancer metastasis. These results directly question the validity of wound-healing assays as a 

general means for measuring cell migration and provide further insight into the salient physics of 

collective migration. 

 

STATEMENT OF THE PROBLEM 

When cells migrate to close a wound or remodel tissue, they often move as collective 

groups or sheets [50]. This collective cell migration is, at least partially, due to cell-cell adhesion 

and shows strikingly different behavior than the migration of individual cells [12]. The standard 

in vitro technique for studying collective migration is the wound-healing assay, which involves 

observing groups of cells moving across a free surface created by either the removal of a barrier 

or by physically scratching away cells [12, 51]. For example, these assays have been used to 
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study the migratory potential of tumor cells [30, 52-54] or the re-epithelialization process [12, 

55]. Many previous studies have shown that after confluent epithelial cells are presented with a 

free surface, migration begins with the leading-edge destabilizing to form migration fingers that 

are guided by phenotypically different cells at their tips, known as leader cells [12, 56-59]. These 

leading cells exert large traction forces that allow them to pull on the cells behind them, thus 

driving the advance of the wound border [44]. However, developmental processes in vivo, such 

as branching morphogenesis, lack defined leaders and are driven forward by multiple cells that 

dynamically rearrange their positions [56, 60]. 

Coordinated motion requires coordinated force. Although many experimental 

investigations have examined traction force distributions during wound healing [44, 61-64], how 

single cells coordinate to drive collective migration remains unknown. Recently, there have been 

several physical theories proposed to describe collective migration, primarily aimed at explaining 

the complex motions that occur during wound-healing assays. Although these models use 

different theoretical frameworks, including discrete propelled point particles [65, 66], hybrid 

cellular models such as Dirichlet domains [67, 68] or the Cellular Potts Model [69, 70], and 

continuum-level approaches [16, 19, 71], they all consider the importance of single-cell forces 

and are primarily based on the notion that collective behavior arises from the constrained motion 

of adhered single cells. Because the models are posed in different mathematical representations, 

it is difficult, even for experts, to judge the similarities and differences between these models 

[72, 73], and there has yet to be a clear effort to identify whether any or all of these models can 

accurately predict how cellular or global perturbations alter collective behavior. 

In this study, we directly investigated the correlation between the physical characteristics 

of individual cells and collective cell migration. For our experiments, we chose Madin-Darby 

canine kidney (MDCK) epithelial cells because they are the prototypical cell-line used in wound-

healing experiments [12, 13, 44, 63, 64, 74, 75]. Here, we study the behavior of MDCK type I 

and type II cells. We chose to look at these two cell types because they are both derived from the 

parental MDCK (NBL-2) strain; however, MDCK I cells spread more on surfaces and are more 

migratory (along with having other differences in cell junctions, morphology, and apical 

membrane proteins; see [76]). In addition, both of these cell types have been used extensively in 

the literature to study epithelial polarity and dynamics [76]. To perturb cellular dynamics, we 

chose to alter the adhesive interaction between the cells and the substrate using fibronectin (FN) 
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and poly-L-lysine (PL) coated substrates, because FN promotes integrin binding [77] and PL 

binds nonspecifically to anionic substances on the cell surface [78]. We measured the motility 

and morphology of individual MDCK I cells on fibronectin (I-FN) or poly-L-lysine (I-PL), and 

individual MDCK II cells on fibronectin (II-FN) or poly-L-lysine (II-PL), and then quantified the 

collective migration of these cells on these same substrates using wound-healing assays. For 

clarity, we have assigned each cell-type/substrate combination a specific color that is used 

throughout the work presented here: I-FN (red), I-PL (green), II-FN (magenta), and II-PL (blue). 

Surprisingly, we find that cell speed at the single-cell level is not indicative of wound closure 

rates; i.e., cells that move slowly as individuals can migrate rapidly in collectives and vice versa. 

Guided by predictions from an existing mathematical model [16, 71], we show that this speed 

enhancement is attributable to an increase in single-cell intracellular contractile stress. In 

addition, for all cell/substrate combinations except II-PL, migration rates of wound borders do 

not depend on leader cells, and confluent epithelial dynamics cannot be predicted by appealing to 

results from the literature on jamming in active matter [67]. Finally, we show that changes in 

single-cell intracellular contractile stress and adhesion can increase motility in confluent 

epithelial monolayers, transitioning a stationary epithelium into a dynamic, migratory 

population, consistent with a mathematical model that considers single-cell physics, contraction, 

and adhesion. Taken together, our study links single-cell force production to multicellular 

motion, shedding light on the fundamental mechanisms of collective cell migration [19, 71]. 

 

RESULTS 

Substrate effects on isolated MDCK cell motility 

To determine how single-cell biophysics influences collective migration, we began by 

quantifying the motility of individual cells. Cells at low density were allowed to adhere to FN or 

PL coated surfaces and were then imaged at 3 min intervals for 12 h. Cell motility and 

morphology were characterized by segmenting DIC images and measuring cell centroids, areas, 

and perimeters (Fig. 3.1,a–d). Instantaneous velocities were computed from the change in 

centroid position between frames. We found that the I-FN cells were highly dynamic, with an 

average cell speed of 27±1.0 µm/h, whereas on PL their speed decreased by ~3-fold to 10±0.4 

µm/h. MDCK I cells were always more mobile than MDCK II cells, whose average speed of 
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2.3±0.1 µm/h was not strongly affected by surface alterations (Fig. 3.1e; Fig. S3.1). 

 

Figure 3.1| The motility and morphology of MDCK epithelial cells on coated surfaces. Cell 
contours of MDCK type I cells on (a) FN (red) and (b) PL (green) and MDCK type II cells on (c) 
FN (magenta) and (d) PL (blue) were automatically tracked from DIC images taken at 3 min 
intervals over 12 h time periods. Average cell speeds (e) and areas (f) were measured for each 
combination (p < 0.05, Tukey test unless otherwise specified; I-FN, n = 255; I-PL, n = 413; II-
FN, n = 246; II-PL, n = 665). Error bars are mean ± SEM; scale bar, 50 µm.  

The morphology of MDCK I and MDCK II cells were noticeably different. We found 

that MDCK II cells were less spread and more circular than MDCK I cells (Fig. 3.1f; Fig. S3.1). 

In addition, substrate adhesion did not greatly alter cell shape or area for MDCK II cells (area 

~330 µm2 on both surfaces) (Fig. 3.1f; Fig. S3.1), but we found a marked difference in area for 

MDCK I cells, with an average cell area of 845±12 µm2 on I-FN and 448±21 µm2 on PL (Fig. 

3.1f). 

Isolated cell speed is not indicative of wound-healing dynamics 

We performed scratch assays to investigate wound-healing dynamics using the same cell 

types and surface coatings. Wound border velocities were measured from segmented images of 
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the wound region and intralayer cell velocity fields were determined using a gradient-based 

optical flow method [9, 34] (Fig. 3.2,a–h; Fig. S3.2, a and b). We expected to find that border 

and intralayer velocity measurements were correlated with one another and also with individual 

cell speed. For example, we expected that the I-FN cells would show the largest velocities in 

these assays. Surprisingly, this was not the case. Although the average border velocity for the I-

FN cells was 11±0.5 µm/h, the I-PL wounds exhibited an average border velocity of 21±2 µm/h 

(Fig. 3.2i). We found that the intralayer velocity fields had average speeds that were roughly 

comparable to the rate of the wound-border advance, with I-PL cells moving significantly faster 

than I-FN cells (Fig. 3.2j). In other words, although wound closure and monolayer speeds on FN 

was inhibited nearly threefold compared with single-cell motility, these collective dynamics were 

enhanced on PL by a factor of two. This more dynamic velocity field also produced shorter 

velocity correlation lengths for the I-PL cells compared with the I-FN cells (Fig. S3.2c). 

Because the migration of the MDCK II cells were not strongly affected by substrate coating, we 

did not expect to find substantial differences between the wound-healing dynamics for MDCK II 

cells on these substrates. As expected, the II-FN cells had slower wound border speeds and 

intralayer velocities than either the I-FN or I-PL cells, with an average wound speed of 3.7±0.4 

µm/h and an average intralayer speed of 6.4±0.2 µm/h (Fig. 3.2, I and j). However, on PL the 

wounded MDCK II cells exhibited two distinct types of motions. The first type was similar to 

that seen with the II-FN cells: a slow, relatively constant migration into the denuded region (Fig. 

2, c and d). In the other phase, the border pulled inward, resulting in a negative average border 

velocity (Fig. S3.2, a and d). Despite the variation in the direction of the border advancement for 

II-PL, no difference in the velocity fields within the monolayer was measured (Fig. S3.2e). 

Although it would seem reasonable that cells that move faster when isolated would also move 

faster as a collective than cells that move slower when isolated, comparison across our four 

experimental conditions showed that there is no correlation between isolated cell speed and 

collective dynamics (Fig. 3.2k). 
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Figure 3.2| Wound-healing dynamics are affected by surface coating. The leading edge of 
wounded (a) I-FN (red), (b) I-PL (green), (c) II-FN (magenta), and (d) II-PL (blue) were tracked 
over 14 h periods. A region ~150 µm behind the border (yellow lines) was used for intralayer 
velocity measurements. II-PL cells showed two distinct behaviors: slow, steady advance of the 
border (d), and retraction (Next figure a). Scale bar, 300 µm. Representative velocity fields from 
(a)–(d) are shown for (e) I-FN (red), (f) I-PL (green), (g) II-FN (magenta), and (h) II-PL (blue), 
with the white boxes in (a)–(d) indicating the corresponding time and location of these 
subregions. Scale bar, 50 mm; arrow represents a velocity of 30 mm/h. (i) Average border 
velocities for each scenario (p < 0.05, two-sample t-test for all cases unless otherwise specified; 
I-FN, n = 135; I-PL, n = 33; II-FN, n = 71; II-PL, n = 6). (j) Average intralayer velocities were 
measured for all cases (p < 0.05, Tukey test, unless otherwise specified; I-FN, n = 130; I-PL, n = 
42; II-FN, n = 69; II-PL, n = 28). Error bars are mean ± SEM. (k) Average border velocity (blue) 
does not correlate with isolated cell speed (yellow).  

Wound closure does not depend on leader cells or jamming 

Many groups have described the importance of finger-like projections driven by leader 

cells to wound-healing dynamics [12, 44, 57, 59, 79], although others have mentioned glass-like 

dynamics and jamming of active matter [67, 80-83]. Our data allowed us to examine the effects 

of both of these mechanisms. Under most of our conditions, we rarely observed migration 

fingers, even when cells that resembled leaders were present near the border (Fig. 3.3a). To 

determine whether the migration dynamics that we previously observed were dependent on the 

number of leader cells, we measured the average border velocity as a function of the number of 

leader cells in a field of view (Fig. 3.3b; Fig. S3.2f). We found that in all but one case (i.e., for 

the I-FN, I-PL, and II-FN cells), the frequency of leader cells did not influence wound closure 

rates (Fig. 3.3b; Fig. S3.2f); however, for the II-PL cells there was a correlation between the 

number of leader cells and wound border advance (Fig. S3.2f). For this singular case, the 

presence of leader cells helped stabilize the border and drove finger-like projections that helped 

pull the collective into the denuded region, similar to what other groups have described [12, 13]. 

Because finger-like projections cause the border to be rougher (i.e., less straight), we also 

compared border shape to the wound velocity and found that there was not a statistically 

significant correlation (Fig. S3.3). 

In dense colloidal or molecular systems, crowding of the constituent parts can lead to 

coordinated motions on length scales larger than the individual components [80]. In these 

systems, density, temperature, and stress are the control parameters that dictate when jamming 

occurs [84]. It has been suggested that confluent epithelial layers may behave in an analogous 

way to systems near the jamming transition [80]. Recent work has suggested that the equivalent 
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control parameters for cellular systems are the ratio of cell perimeter to the square root of the 

area (p0), persistence of motion (average length of time that a cell moves in a given direction), 

and cell speed [67]. Here, the ratio p0 is measured in the confluent layer, where the cell speed 

and persistence of motion reflect parameters from isolated cells. This model predicts that a two-

dimensional, jammed cellular system will have p0 = 3.81, and that increases in any of these 

parameters should drive the system away from the jamming transition [67]. Therefore, because 

our I-PL cells are more dynamic in wound-healing assays than the I-FN cells, they should be 

further from being a jammed system. However, the fact that they move slower when isolated is 

not consistent with being further away from the jamming transition. It could be that the other two 

control parameters account for the discrepancy. Therefore, we measured these two control 

parameters (Fig. 3.3, c and d). We found p0 values of 4.15±0.06 (I-FN) and 4.02±0.04 (I-PL) and 

persistence times of 22±2 min (I-FN) and 20±4 min (I-PL) (Fig. 3.3, c and d). These findings 

show that neither of these systems is jammed, because p0 > 3.81 for both cases. However, it also 

shows that even if this value of p0 accurately reflects when a system is jammed, the jamming 

concept does not provide a useful framework to understand how these collective systems behave 

away from the jamming transition. For example, because there are only minor differencesin p0 

and the persistence time between I-PL and I-FN cells but there are substantial differences in 

isolated cell speed, it suggests that the I-FN cells should be further from the jamming transition 

than the I-PL cells, and consequently, should move faster as a collective. Therefore, our data 

shows that the physics of jamming, at least as described by the model in [67], does not provide a 

useful conceptual framework for understanding systems that are not jammed, such as the 

collective motions of MDCK cells. 
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Figure 3.3| Leader cells and single-cell speed are insufficient to explain wound dynamics. (a) 
Characteristic leader cell observed in our experiments, identified by the perimeter of the 
lamellipodium (red line) being two- to threefold larger than a typical cell on the boundary 
(12,58). Scale bar, 20 µm. (b) The border velocity does not depend significantly on leader cell 
number for I-FN (red), I-PL (green), or II-FN, but does increase for MDCK II cells on PL (Fig. 
S1 f). Box-and-whisker plots indicate the median, extrema, quartiles, and outliers for the 
indicated number of leader cells (n). (c) Cell perimeters are measured manually in ImageJ (59) 
(yellow contours) and used to compute the ratio of perimeter to the square root of cell area, p0. 
The values of this parameter for the cells shown are 4.26 (I-FN) and 4.17 (I-PL). (d) Histogram 
of the persistence times computed by fitting mean-squared displacements from isolated cell 
movements for I-FN (red) and I-PL (green) to a persistent random walk model. Inset shows the 
corresponding average values for the persistence times.  

Intracellular contractile stress is indicative of wound-healing dynamics 

Many of the computational models put forth for collective migration drive the active 

component of cell movements solely with a propulsive force, with some using leader cells to 

accentuate the dynamics [65, 66]. These models would suggest that cell speed and/or leader cells 

should correlate with border velocity. If these factors do not drive wound-healing dynamics, then 
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what does? One alternative is intracellular contractile stress, the importance of which was 

proposed in a continuum-level model for wound healing by Lee and Wolgemuth [16, 19, 71]. 

This model considers four separate forces involved in collective migration, a propulsive force 

proportional to the isolated cell speed, intracellular contractile stress, and resistive forces due to 

adhesion between the cell and substrate and the cell and its neighboring cells. The contractile 

stress can be approximately measured using TFM (Fig. 3.4a), with the average traction force fo 

times the cell diameter (or square root of the cell area) being roughly equal to the contractile 

stress in the mathematical model (note that because this model is two-dimensional, stress has 

units of force/distance). To determine whether intracellular contraction stress correlated with the 

velocities in our epithelial monolayers, we used TFM to measure the average traction force, fo 

(Fig. 3.4, a–c). Then, using cell areas determined from our wound-healing videos (163±6 µm2 for 

I-FN and 150±6 µm2 for I-PL), we computed the average intracellular contractile stress and 

found that it was ~1.5 times lower for I-FN (0.2 nN/µm) than for I-PL cells (0.3 nN/µm) (Fig. 

3.4c). Interestingly, II-FN cells had a substantially larger contractile stress than II-PL (Fig. 4c). 

 

Figure 3.4| Contractile stress correlates with wound closure rate. (a) Schematic representation of 
traction force microscopy. A cell (green lamellipodium and purple nucleus) is imaged on top of a 
flexible poly(dimethylsiloxane) substrate (tan) of height h ~30 µm that has fluorescent beads 
(red) embedded in the top and bottom layers. Intracellular contraction transmits forces to the 
substrate that displace the top layer of fluorescent beads. (b) These displacements are used to 
compute the traction forces exerted by the cell on the substrate (40). Scale bar, 10 µm; arrow 
represents a traction force of 30 Pa. (c) The average magnitude of the traction stress was 
determined for all cell/substrate combinations. (p < 0.05, Tukey test unless otherwise specified; 
I-FN, n = 40; I-PL, n = 30; II-FN, n = 45; II-PL, n = 26). Error bars are mean ± SEM.  
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Contractile stress can explain epithelial dynamics 

The Lee and Wolgemuth model suggests that contractile stresses generated by the cells 

can drive fluid-like flows in an epithelial monolayer. Contraction along a preferred axis tends to 

cause neighboring cells to move in a circulating pattern; i.e., there is a tendency for rotational 

flow about a contracting cell (Fig. 3.5a). These flows torque the cells, driving the orientations of 

neighboring cells out of alignment and leading to large-scale motions, much like the complex 

fluid flows in dense suspensions of swimming bacteria [14, 85]. To determine whether this 

model could account for how the slower isolated I-PL cells increased speed when in the 

collective, whereas the I-FN cells were slower in the collective than as individuals, we simulated 

a confluent layer of cells using the model described in [71]. Simulations were run on a 400 x 400 

µm periodic domain using an 80 x 80 grid, a time step of 0.002 h, and the parameters given in 

Table S1. We varied the isolated cell speed and contractile stress in the model over ranges of 3–

30 µm/h and 0.05–1.0 nN/µm, respectively. Simulations are started with random orientations. 

Within 5 h, the initial random motion evolves into a spatiotemporally varying pattern of vortices 

and streams. Using these simulations, we computed the average speed in the monolayer over the 

last 7.5 h of each simulation for each pair of isolated cell speed and contractile stress values (Fig. 

3.5b). For the parameters that we used, we found that the model predicts that the contractile 

stress is the more dominant factor in controlling collective migration speed than the isolated cell 

velocity. Indeed, for isolated cell speed of 25mm/h and contractile stress of 0.4 nN/µm (similar 

to I-FNs), we found an average confluent layer velocity of 19mm/h, whereas for isolated speed 

of 12µm/h and contractile stress of 0.6 nN/µm (similar to I-PLs), the model predicts an average 

intralayer speed of 22µm/h (Fig. 3.5b). Although these values do not exactly match our 

experiments, the model predicts the correct behavior semi quantitatively, with the I-FN 

parameters leading to intralayer speeds that are slower than the isolated cell speed, and I-PL 

parameters leading to intralayer speeds that are nearly twofold faster than the isolated cell speed. 

These simulations were run on a continuous, periodic domain, which effectively represents an 

unwounded mono-layer and not the wound-healing assays described previously. The model 

therefore predicts that confluent I-PLs should be much more dynamic than I-FNs. We examined 

collective motion in confluent layers for all four of our previously described scenarios (Fig. 3.5,c 

and d; Fig. S3.5). 
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The first and most notable observation from the time-lapse movies from these 

experiments is that the I-PL cells show dramatically different dynamics than the other three 

cases. Where the MDCK II and I-FN cells show small random movements, the I-PL cells 

undergo large-scale, highly coordinated motion. We quantified these dynamics by measuring the 

intralayer velocity fields and found that the confluent I-PL cells had significantly larger average 

velocities (22±1µm/h) within the monolayer when compared with I-FN cells (10±0.3 µm/h), II-

FN cells (7.4±0.3 µm/h), or II-PL cells (11.4±0.3 µm/h) (Fig. 3.5, e and f; Fig. S5). We also used 

the velocity fields to compute the velocity-velocity spatial correlation (Fig. S5g) [13]. The spatial 

correlation functions for the I-FN, II-FN, and II-PL cells were nearly identical and showed a 

rapid decrease in correlation with distance. Effectively, these cells were not overly coordinated, 

with correlation lengths of only 1–2 cell diameters. However, the spatial correlation for the I-PL 

cells was significantly different and showed larger correlation over longer distances (Fig. S3.5g). 

To further quantify the dynamics within the monolayers, we simulated the motion of tracer 

particles driven by the extracted velocity fields (Fig. 3.5, g and h). Overlays of these tracer 

particles onto the original movies also confirm that the extracted velocity fields are accurate. As 

is apparent in the movies, the I-PL cells migrate overmuch larger distances than the other cells, 

showing a four-fold increase in displacement over a 5 h period compared with the I-FN cells. 

Substrate coating did not strongly affect the MDCK II cells, with only a small increase in the 

particle displacements for II-PL compared with II-FN (Fig. S3.5, e and f). 

As a further test of our model, we used blebbistatin and calyculin A to either inhibit 

myosin II activity or accentuate it, thereby either decreasing or increasing contractile stress [86, 

87]. Confluent layers of I-FN and I-PL cells were imaged for 2 h and were then treated with 

either 50 µM blebbistatin or 10 nM calyculin A. The average intralayer speed was measured 

pretreatment and for 2 h posttreatment. Pretreatment, the average intralayer speeds agreed with 

our previous measurements on untreated confluent layers. Interestingly, we found that 

blebbistatin treatment, which should decrease contractile stress, increased intralayer speed 

to11.3±0.7 µm/h for I-FN cells, whereas calyculin A had no effect (intralayer speed of 9.9±0.4 

µm/h) (Fig. 3.5I; Fig. S3.6). However, for I-PL cells, blebbistatin decreased intralayer speed to 

16.2±0.6 µm/h and calyculin A increased intralayer speed to 27.9±2.0 µm/h (Fig. 3.5i; Fig. 

S3.6). A DMSO control showed no alteration to the intralayer speed. Although the I-FN results 

seem to be counter to the predictions of our model, we examined the dependence of intra-layer 



 
 

 38 

speed on the contractile stress for isolated cell speeds of 25 µm/h (I-FN) and 12 µm/h (I-PL). 

The model showed nonmonotonic dependence of intralayer speed with respect to contractile 

stress for isolated cell speeds of 25 µm/h when the contractile stress varied from 0.1 to 0.3 

nN/µm, which is consistent with our drug treatment data for I-FN (Fig. 3.5j; Fig. S3.6). For 

isolated cell speed of 12 µm/h, the intralayer speed monotonically increases with contractile 

stress (Fig. 3.5j), which agrees well with our drug treatment experiments on I-PL. 
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Figure 3.5| Cellular contraction and adhesion can produce highly dynamic confluent epithelia. 
(a) Schematic showing how intracellular contractile forces (white arrows) in one cell can drive 
flow of nearby cells. The flow field induced by the contraction of the cell center is shown as the 
red arrows. (b) Predictions from the continuum model for collective migration (25–27) on how 
isolated cell speed and contractile stress affect the average velocity of cells in a monolayer 
(colormap). The colormap ranges from 3 µm/h (blue) to 30 µm/h (yellow) and the black contours 
show 10, 15, 20, and 25 µm/h. The corresponding values of the isolated cell speed and 
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contractile stress for I-FN (red dot) and I-PL (green dot) are shown. Confluent mono- layers of I-
FN (c) and I-PL (d) were imaged for 5 h. Scale bar, 70 µm. (e–g) Characteristic velocity fields 
from the subregions (white boxes) shown in (c)–(d). Velocity fields are color coded as described 
in the text. Scale bar, 50 µm; arrow represents a velocity of 35 µm/h. (g–h) Trajectories of 
simulated tracer particles were used to measure the displacements of cells in the monolayer. (i) 
Drug treatments on confluent layers of I-FN and I-PL cells. Blebbistatin treatment accentuates 
the speed of I-FN slightly slows I-PL down (crosshatched bars) compared with controls (open 
bars), whereas calyculin A speeds up I-PL but has little effect on I-FN (diagonal lines). (j) These 
results are consistent with the model that shows a monotonically increasing dependence of 
intralayer speed on contractile stress for parameters that correspond to I-PL cells (green line), but 
nonmonotonic behavior for parameters that correspond to I-FN cells (red line). Boxed regions 
surround the appropriate parameter regimes.  

DISCUSSION 

Although the dynamics of collective migration have been studied extensively of late (e.g., 

[12, 13, 44, 61, 62, 75, 79, 88]), how single-cell behavior is harnessed to produce these 

coordinated motions has been largely ignored. Here, we show that it is possible to link isolated, 

single-cell behavior to epithelial dynamics; however, neither the speed of isolated single cells nor 

the presence of notorious leader cells correlated with the velocities of the collective. Instead, the 

biophysical feature of a single cell that most strongly correlated with the magnitude of collective 

motion was the intra-cellular contractile stress, a result anticipated by the model of Lee and 

Wolgemuth [16, 19, 71]. 

Our results also call into question the usefulness of drawing an analogy between 

epithelial monolayers and physical systems near a jamming transition. If this analogy is correct, 

then a potential reason that MDCK I cells move slower as a collective than when isolated on FN 

is that the collective is closer to the jamming transition. Then, by the same reason, MDCK I cells 

on PL should be further from this transition. However, we found that in the context of recent 

work on epithelial cell jamming [67], increases and not decreases in isolated cell speed should 

drive this system toward jamming; consequently, I-PL should move even slower than I-FNs 

during collective migration. The jamming and glass transition literature also does not explain 

why the I-PLs would move faster as a collective than they do when isolated. 

Our experiments on single-cell migration of MDCK I and II cells on either FN or PL 

substrates showed that even though these cell types are closely related, they respond differently 

to these substrates. MDCK I cells migrated significantly faster on FN than on PL, whereas the 

speed of MDCK II cells was barely altered. One explanation for the difference is that PL 
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decreases cell adhesion for MDCK cells. Spread area is typically an indicator of substrate 

adhesion strength [89]. Therefore, the decrease in area of MDCK I cells on PL compared with 

FN is indicative of a decrease in adhesion. Why this decrease in adhesion leads to larger traction 

forces is not clear. Although MDCK II cells did not show a significant decrease in spread area on 

PL, the large reduction in traction force may be attributable to a decrease in adhesion, which 

would also explain why II-PL wound-healing assays showed a retraction of the wound border. It 

is not clear why MDCK I and II cells would respond differently to FN and PL. Regardless of the 

actual changes in adhesion that are induced by FN and PL, our data conclusively rules out cell 

speed as the driving force behind wound healing. Because eukaryotic cells crawl by contracting, 

only a small fraction of the contractile stress is used to generate the propulsive force that pushes 

the cell across the substrate. Some recent models for epithelial dynamics treat the collective as a 

population of discrete, point-like cells driven by a propulsive force [65, 66], and therefore ignore 

the substantial contractile stresses inside the cells. In these models, collisions inhibit the motility 

of the individual, consequently causing the velocities in the collective to be substantially slower 

than the discrete cells would be in isolation. Our results provide evidence that these models are 

lacking crucial components of the driving physics. 

We showed here that traction stresses from intracellular contraction are larger on PL 

coated slides than on FN coated slides. Our mathematical model includes both isolated cell speed 

and intracellular contraction. As shown in Fig. 3.5, both of these factors influence the speed of 

collective motions. Our model supports that intracellular contraction can be a dominant factor in 

collective movements, and that because of these contractile forces, collective motions can be 

faster than isolated cell speed. It is possible that other factors such as cell division or contact 

repulsion could also lead to more rapid motions in the collective. However, there was no 

noticeable difference in growth rates on PL compared with FN. In addition, because the spread 

area of MDCK I cells in the monolayers were nearly identical be-tween the two substrates, this 

suggests that contact-related effects should also be approximately equal. Therefore, although we 

cannot rule out other possible mechanisms, our results show that intracellular contractile forces 

can explain the results presented here. 

Another important consequence of this result is that it draws into question the use of 

wound-healing assays as a general measure of cell motility. In morphogenesis and early stage 

cancer invasion and metastasis, it remains unknown how migratory cell populations emerge from 
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homogenous, seemingly stationary, multicellular systems [63, 90]. Wound-healing assays have 

been a ubiquitous technique for investigating this question [30, 51, 91-93], mostly due to the 

simplicity of the assay and the ease of analysis. However, the principal assumption made when 

using these assays is that wound closure rates correlate with the migratory potential of the cells. 

Our results raise two issues. First, although wound-healing assays may be informative for 

cancers and developmental processes where collective migration is involved, they should not be 

used to study single-cell processes such as the metastases from leukemias, lymphomas, and most 

solid stromal tumors [90]. Likewise, single-cell experiments are not informative for processes 

that involve collective migrations. For example, in the context of non-small cell lung cancer 

(NSCLC), we find  that overexpression of the scaffolding protein 14-3-3g, which is correlated 

with metastasis and poor patient prognosis, increases cell motility in  H322 and not A549 

NSCLC cell lines; however overexpression impairs the collective migration of A549s while 

accentuating the motility of H322s (see Appendix). Second, we also found that simple 

modifications of the interaction between the cell and the substrate can lead to drastically different 

behavior at the collective level, which suggests that conclusions drawn from in vitro assays that 

do not exactly reproduce the in vivo environment could be vastly misleading. However grim that 

consequence may be for in vitro experiments, our work has identified a key aspect of the 

biophysics of collective migration, which should provide some guidance as we stream, crawl, 

branch, and sprout our way toward a better understanding of coordinated cellular movements. 

 

MATERIALS AND METHODS 

Cell culture  

MDCK type I and type II epithelial cells were a generous gift from J. Wilson (University 

of Arizona, Tucson, AZ). The cells were cultured in Dulbecco’s modified Eagle’s media 

(Cellgro) supplemented with 10% fetal bovine serum (Omega) and 1% antibiotics solution 

(penicillin (10,000 units/mL) and streptomycin (10,000 mg/mL); Gibco) at 37°C and 5% CO2. 

Single-cell measurements  

Low-density (2500 cells/cm2) MDCK I and MDCK II cells were grown in sterile, two-

chamber dishes (Lab-Tek II). The dish surfaces were coated with either 2 mg/mL FN solution 

(Sigma-Aldrich) for at least 1 h at 37°C [12], or 5x10-6% PL (Sigma-Aldrich), diluted in PBS 
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and allowed to dry at room temperature. The dishes were then rinsed with sterile 1 PBS and the 

cells were cultured for 12–24 h in the incubator at 37°C, with 5% CO2 and 90% relative 

humidity. The cells were imaged using a Zeiss Axio Observer inverted, wide-field microscope 

using a 20 air, 0.8 numerical aperture (NA) objective equipped with a Hamamatsu ORCA Flash 

4.0 CMOS camera. The microscope was equipped with a CO2 Module S (Zeiss) and 

TempModule S (Zeiss) stage-top incubator (Pecon) that was set to 37°C, with 5% CO2 for long-

time imaging. Images were captured every 3 min for 12 h using differential interference contrast 

(DIC) microscopy. Individual cells were tracked using a custom-written MATLAB algorithm to 

segment the images. The center of mass of each cell was then determined in each frame and the 

velocity was computed as the change in center of mass position between frames. Only cells that 

were accurately tracked for at least 50 frames were analyzed. The persistence time, P, was 

computed by fitting the mean-squared displacement, MSD, for each cell to the following formula 

[94]: MSD(t) = c (exp(t/P) + t/P – 1), where c is a constant.  

Wound-healing measurements  

The epithelial cells were grown to confluency (160,000 cells/cm2 for MDCK I cells and 

200,000 cells/cm2 for MDCK II cells) on either PL or FN coated slides, as described above. 

Scratch assays were performed by scraping a sterile scalpel across the bottom of the dish to 

create a ‘‘wound.’’ Cell debris was washed away by rinsing with sterile 1 PBS. The PBS was 

then removed from the dish and 2 mL growth media was added. Images were captured every 5 

min for 14 h using the microscope system described above and a 20 air (0.8 NA). Wound edge 

detection and measurement of intralayer velocity fields were performed by automatically 

determining the wound edge by segmenting the images based on intensity. The average border 

velocity is given by the change in area of the wounded region divided by the perimeter of the 

wound edge. The intralayer velocity is the average magnitude of the velocity field of cells that 

are at least 150 pixels (45 mm) back from the wound edge, where the flow field is determined 

using an optical flow algorithm [9, 34]. Wound edge velocity and intralayer velocities were 

measured for all frames of the images (168 frames per movie) and were found to be fairly 

uniform in time. Edge velocities were sometimes excluded from our analysis due to imprecise 

segmentation. Likewise, intralayer velocities were omitted from analysis in cases where the 

velocity field tracked motion of debris in the background.  
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Confluent epithelial monolayer measurements  

Epithelial monolayers were grown to confluency (160,000 cells/cm2 for MDCK I cells 

and 200,000 cells/cm2 for MDCK II cells) on FN or PL coated dishes. Images were captured 

every 5 min for 14 h using a 20 (0.8 NA) objective. Intralayer flow fields were extracted using an 

optical flow algorithm [9, 34].  

The displacements within the monolayer were determined using simulated tracer 

particles. We seeded the first frame of a time-lapse movie with 100 randomly distributed tracer 

particles. The trajectories of these particles were then simulated using a forward Euler method to 

integrate the positions of the particles given the extracted, time-dependent intralayer velocity 

fields. Overlaying the particles on the DIC images showed that the particles followed the 

motions of the cells.  

Traction force microscopy  

Silicone substrates for traction force microscopy (TFM) were prepared following the 

procedure in Mertz et al. [95]. Briefly, silane (3-aminopropyl triethoxysilane) (Sigma-Aldrich) 

was vapor-deposited onto a 29-mm glass- bottom dish with a 14-mm microwell (In Vitro 

Scientific). Fluorescent beads were covalently attached to the surface by filling the dish with a 

fluorescent bead solution containing dark-red fluorescent (580/605) carboxylate-modified 

microspheres with a radius of 100 nm (Life Technologies), at a volume ratio of 1:3000 and 0.1 

mg/mL of 1-ethyl-3-(3-dimethylamino- propyl) carbodiimide in borate buffer solution (pH ~7.4). 

Silicone elastomer was then prepared by mixing a 1:1 weight ratio of CY52-276A and CY52-

276B (Dow Corning Toray). The elastomer was vacuum degassed for ~5 min to eliminate 

bubbles, the polymer was then spin-coated onto the microwell of the dish at 1000 Rpm for 60 s. 

The dish was cured overnight and resulted in a ~30-mm-thick layer of silicone. Silane was then 

vapor-deposited again on top of the now cross-linked elastomer and a second layer of fluorescent 

beads was deposited at a volume ratio of 1:1000 and 0.1 mg/mL of 1-ethyl-3-(3-

dimethylaminopropyl) carbodiimide in borate buffer. The dish was allowed to dry before being 

coated with FN (20 mg/mL; Sigma-Aldrich), which sat at room temperature for ~20 min before 

being washed with PBS. We estimated the Young’s modulus, E, of the cured elastomer to be ~3 

kPa [33, 95].  
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Cells on top of the TFM substrates were maintained at 37°C and 5% CO2 using a stage-

top incubator and heated stage. Images for TFM experiments were captured with the microscope 

system described above, using a 40 (1.2 NA) water-immersion objective. As cells adhered to the 

surface, we ac- quired epifluorescence images of the stressed state of the top layer of fluorescent 

beads and the bottom bead layer, as well as a DIC image of the cells. Trypsin-EDTA (0.25%; 

Life Technologies) was then used to remove the cells from the surface, and a set of 

epifluorescence images of the top and bottom layers of beads was acquired. The trypsin 

treatment did not produce noticeable deformations of the substrate (Fig. S3.4).  

The displacements between the stressed (with cells) and unstressed (without cells) state 

of the beads were calculated using the MATLAB algorithm described in Style et al. [33]. The 

DIC images were segmented to identify cells. Because traction force measurements are known to 

smear the forces over distances that are larger than the cell [45], we dilated the segmented 

images, typically using a morphological dilation operation with a disk kernel of radius 15 pixels. 

At times, a slightly smaller or larger dilation kernel was used to prevent over- or under-

representation of the traction force smearing. The average magnitude of the traction force was 

then computed over this region.  
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Chapter 4 

Swimming Bacteria Power Microspin Cycles 
A modified version of the work previously published as [11]. 

 
Dense suspensions of swimming bacteria are living fluids, an archetype of active matter. For 

example, Bacillus subtilis confined within a disc-shaped region forms a persistent stable vortex 

that counter rotates at the periphery. Here, we examined Escherichia coli under similar 

confinement and found that these bacteria, instead, form microspin cycles: a single vortex that 

periodically reverses direction on time scales of seconds. Using experimental perturbations of the 

confinement geometry, medium viscosity, bacterial length, density, and chemotaxis pathway, we 

show that morphological alterations of the bacteria transition a stable vortex into a periodically 

reversing one. We develop a mathematical model based on single-cell biophysics that 

quantitatively recreates the dynamics of these vortices and predicts that density gradients power 

the reversals. Our results define how microbial physics drives the active behavior of dense 

bacterial suspensions. 

 

STATEMENT OF THE PROBLEM 

A simple model system for studying active matter is a dense suspension of swimming 

bacteria, where the forces that drive single-cell movements coordinate to generate large-scale 

fluid flows that lead to complex, and sometimes turbulent, motions [14, 96, 97]. Theoretical 

investigations into the behavior of active matter have produced semiquantitative agreement with 

some experiments [7, 8, 98]; however, we are still only beginning to grasp the range of behaviors 

possible from even these relatively simple active systems. 

Because the internal components of an active system produce force, the system as a 

whole can spontaneously produce persistent motion without external driving forces. An 

illustrative example of this effect is seen when dense suspensions of Bacillus subtilis (volume 

fraction > 0.4) are confined in micrometer-scale disc-shaped droplets [31]. For droplets with 

diameters between 30 and 70µm, the bacteria coordinate and flow, creating a single, stable 

vortex that counter rotates at the periphery [31]. This stable vortical flow is driven by the forces 

that the bacteria exert on the surrounding fluid [99]. 
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RESULTS 

Bacterial Microspin Cycles 

Using a similar experimental assay to that used previously for B. subtilis, we examined 

the dynamics of confined suspensions of Escherichia coli (Fig. 4.1A). E. coli and B. subtilis are 

both rod-shaped bacteria that swim using multiple rotating external flagella [100]. Under 

standard growth conditions (see Materials and Methods), E. coli has a length of 2.83±0.05 µm 

and a diameter of 1.10±0.01 µm, which is slightly smaller than B. subtilis, which has a length of 

4.29±0.04 µm and a diameter of 1.70±0.01 µm. The swimming speeds of E. coli and B. subtilis 

are also comparable [15 to 25 µm/s [100]]. Therefore, it would seem reasonable that the confined 

dynamics of these bacteria would be similar. Unexpectedly, though, we found that dense 

suspensions of confined E. coli (volume fraction, ~0.56) moved as a periodically oscillating 

single vortex that changed its direction of rotation approximately every 2 to 4 s (Fig. 4.1B). 

These periodically reversing motions were found in droplets ranging in size from 20 to 90 µm in 

diameter. In a given droplet, the period that the vortices switched direction was very regular and, 

during rotation in a given direction, counter rotation near the periphery was not observed. To 

quantify the periodicity of the motion, we defined an order parameter for the motion within the 

droplet as the average of the azimuthal component of the velocity divided by the average 

magnitude of the velocity, with clockwise flow being defined as positive and counterclockwise 

flow as negative. The order parameter showed an approximately square wave–like variation in 

time (Fig. 4.1C). We also found that the average velocity in the droplet varied periodically at 

twice the frequency of the order parameter (Fig. 4.1D). These confined suspensions of bacteria 

are reminiscent of the spin cycle on a laundry machine, incessantly oscillating between 

clockwise and counterclockwise motion. 
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Figure 4.1| Dense suspensions of E. coli form microspin cycles. (A) Schematic of the 
experimental setup. An emulsion of a bacterial culture and mineral oil is sandwiched between 
two coverslips. The distance between coverslips is h ~ 25 µm. The bacterial culture is confined 
within roughly disc-shaped droplets of radius R. High-speed differential interference contrast 
(DIC) microscopy is used to capture the flow of bacteria within the droplet. (B) Time sequence 
of a representative droplet. The flow field is shown with magenta arrows. A single clockwise-
rotating vortex at time 3.0 s transitions to a counterclockwise rotating and returns to clockwise 
rotation at 7.2 s. The average period is approximately 3.4 s, and the droplet is approximately 30 
µm in diameter. (C) The order parameter (blue line; see text for definition) varies in time as a 
square wave, providing a quantitative measure of the periodic behavior of the system. (D) The 
maximum velocity in the droplets oscillates in a roughly sawtooth pattern at half the period of 
the order parameter.  
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A two-phase continuum model for collective bacterial dynamics 

This result raises a number of interesting questions. Why do some bacterial suspensions 

create vortices with oscillating handedness, while others produce stable flow configurations? 

What sets the period that the vortices switch direction? While some simulations and active fluid 

models have reproduced stable vortices in confined bacterial suspensions [31, 99, 101] and 

examined other dynamics that result from confinement [102, 103], can any current models 

explain dynamically switching vortices? 

To answer these questions, we began by addressing whether a revised version of our two-

phase model for collective bacterial swimming [85] was sufficient to explain the periodic 

flipping observed in E. coli droplets. This model considers small volumes of fluid that are large 

compared to the size of an individual bacterium but smaller than the characteristic length scales 

of the fluid flows. Averaging over these small regions, the bacterial density is defined by a 

volume fraction, ϕ, and the average bacterial velocity is νb. The fluid moves independently with 

average velocity νf. The bacteria interact with the fluid through the forces generated by the 

rotating flagella (of magnitude F0), which propel the bacteria at a free-swimming speed of V0, 

and resistive drag on the cell body that is proportional to the velocity difference between the 

fluid and bacteria with resistive drag coefficient ζ0 (Fig. 4.2A).These forces are exerted over the 

length of each bacterium and lead to a net dipole distributed stress on the fluid, with the volume 

fraction weighted dipole denoted by DA (Fig. 4.2B). Averaging over the orientations of the 

bacteria, a, leads to a closed system of equations defining the dynamics of this system 
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Here, D is an effective diffusion coefficient for the bacteria and b is the dipole length 

scale, which is approximately equal to the length of the bacterium. The viscosities of the fluid 

and bacterial phases are ηf and ηb, respectively. Alignment of the bacteria is driven by random 

motions, with a diffusion coefficient DΨ and a local, volume fraction–dependent strength g(ϕ,a) 

(Fig. 4.2C), and there is a torque τ that comes from fluid velocity gradients (Fig. 4.2D). 

We found that, for parameters that were appropriate for the morphology and swimming 

dynamics of E. coli (table S1), the model naturally gave rise to periodic reversal of vorticity in 

simulations that’s panned droplets of 30 to 80 µm in diameter. The model showed that reversals 

begin at the edge of the droplet with a small opposite-directed vortex. This counter rotating 

vortex then sweeps across the droplet until the opposite-directed vortex fills the entire region. 

Similar behavior is seen in the experiments and is apparent in the second and fourth panels of 

Figs. 4.1B and 4.2E. The dynamics of the order parameter and the average velocity in the droplet 

matched the basic temporal dynamics observed in the experiments (Fig. 4.2, F and G). 
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Figure 4.2| The two-phase bacterial fluid model recreates the microspin cycles. (A) A free 
swimming bacterium exerts a thrust force F0 on the fluid, which causes the bacterium to swim 
with velocity V0 in the direction d. (B) The thrust from the flagella and resistive drag on the 
entire bacterium (black arrows) produce a dipole-distributed stress on the fluid, which induces a 
local flow pattern (purple arrows). (C) Random movements and hydrodynamic interactions cause 
the bacteria to align in a volume fraction–dependent manner. We assume an approximately 
sigmoidal dependence of the orientational order on the volume fraction. (D) Gradients of the 
fluid flow (purple arrows) that are perpendicular to the long axis of the bacteria exert a torque 
that causes the bacteria to rotate. (E) Our mathematical model replicates the behavior observed in 
Fig. 1B with a slightly faster period (~2.9 s). The color map shows the bacterial volume fraction. 
(F) The simulations reproduce well the dynamics of the order parameter. (G) As was observed in 
the experiments, the maximum velocity in the simulations undulates in a roughly sawtooth-like 
pattern at half the period of the order parameter.  
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Confined Dynamics has multiple stable states 

While the quantitative comparison between the model and experiments provides strong 

evidence that the relevant physics is accounted for by the mathematical model, it remained 

unclear what aspect of the physics was controlling the periodic flipping. To unravel these factors, 

we quantified the flow fields of E. coli droplets using optical flow velocimetry [9]. Analysis of 

more than 200 different droplets revealed four distinct motions: E. coli–like (a single vortex that 

periodically switched directions), B. subtilis–like (time-independent vortices with a counter-

rotating boundary), a stable single vortex, and sporadic motion that did not fall into the other 

three categories (fig. S4.1). We then computed the probability for each of these types of motion 

and used this value as a means for comparing how different parameters, such as cell length, 

medium viscosity, and volume fraction, affected the behavior of the confined bacteria. 

Using wild-type (WT) E. coli under standard conditions, we observed periodic flipping in 

~70% of the droplets. A smaller fraction of droplets showed either random motions (24%) or a 

stable single vortex (6%). We never observed the stable counterrotating vortices that are 

observed in B. subtilis [31]. The probability of observing these states was only weakly dependent 

on droplet size (fig. S4.2). We observed periodic reversals and random motions in all droplets in 

the range from 20 to 90 µm in diameter but only observed the stable single vortices in smaller 

droplets (20 to 45 µm). Droplet diameter did not have any observable effect on the period of the 

periodically reversing flows. 

That droplets under similar conditions show multiple distinct behaviors (periodic 

reversals, stable vortices, or random motion) suggests that there are multiple stable states of the 

system. To test whether our mathematical model showed similar behavior, we started simulations 

with 10 different random initial conditions for the cellular orientation field, leaving all other 

parameters the same. We found that, in 60% of the simulations, periodic reversals resulted, while 

a single constant vortex was observed the other 40% of the time. While the mathematical model 

did not lead to random motions, it does show that the model naturally includes bistability 

reminiscent of what is observed experimentally. 

Bacterial Length Controls the ability to form microspin cycles 

Because cell body length is perhaps the most notable physical difference between B. 

subtilis and E. coli, we used the b-lactam antibiotic cephalexin to probe the effects of body 

length on the fluid flows produced by confined E. coli. By blocking cell division, cephalexin 



 
 

 53 

produces long filamentous cells [104, 105], and incubation time can be used to controllably 

modulate cell length up to 7.1 µm. The probability of a given flow pattern was quantified in 

droplets for bacteria with six different lengths (Fig. 4.3A). B. subtilis–like flow in E. coli droplets 

emerged for lengths greater than 2.8 µm and predominated at large cell body lengths (Fig. 4.3, A 

and B). For these stable vortical flows, we found that the velocity has a maximum at a specific 

radial position and that this peak increases and shifts as cell length is increased (Fig. 4.3C). 

However, while body length affected the ability of E. coli to periodically reverse direction, it did 

not affect the periodicity: The half-period of reversals was unaffected by cell body length (Fig. 

4.3D). This suggests that longer cells sterically hinder each other from flipping around but that 

cell length does not directly influence the rate of flipping. 

 

Figure 4.3| Cell body length modulates flow pattern. (A) As cell body length increases, the 
probability of observing different flow patterns changes from that of E. coli–like, periodic 
reversals (blue) to B. subtilis–like, stable vortices (red). Sporadic droplets (gray) are more 
common at transitional lengths, and single vortices (purple) are uncommon across all lengths. 
(B) Flow field of a droplet containing 5.9-µm-long E. coli, showing a flow pattern with 
counterrotation at the boundary (light blue), reminiscent of the flows produced by B. subtilis. 
The counterflow arrows are not drawn to scale. (C) Azimuthal velocity as a function of radial 
position. Counterrotation at the periphery increases with cell length, and the location of the peak 
velocity shifts inward toward the center of the droplet. The half-period of periodically reversing 
E. coli droplets does not depend on (D) bacterial cell length, (E) droplet diameter, or (F) medium 
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viscosity. (D to F) Numbers above the data points are the sample size. (E) Data points represent 
the average value for droplets with diameters within ±5 mm of the data point. The correlation 
between the half-period and the diameter (E) is not significant (P > 0.9). Error bars show SEM.  

To account for bacterial length effects in the model, we assumed that a number of 

parameters were proportional to the length, specifically, the dipole length scale, the effective 

viscosity of the bacterial phase, and the strength of the diffusion-driven alignment term. Varying 

the length of the bacteria in the simulations correctly predicted a very weak dependence of the 

half-period on bacterial length (~10% variation for lengths between 2.5 and 7.0 µm; fig. S4.3). 

The model did not show a complete loss of reversals at lengths greater than 6.0 µm as we 

observed experimentally, but it did show a maximum reversal probability for bacteria of length 

4.0 µm (fig. S4.3). The model also showed moderate differences in the average velocity with 

bacterial length. In stable vortices, the velocity increased with length, whereas for periodic 

reversing droplets the average velocity decreased with length (fig. S4.3) 

Run-and-tumble behavior does not affect microspin dynamics 

We also studied the requirement for tumbling. While E. coli and B. subtilis cells tumble 

approximately every 3 s, individual E. coli cells are more likely to tumble than B. subtilis [100]. 

We, therefore, examined the nontumbling, chemotaxis-gutted E. coli strain RBB1050 [104] and 

found that it still produced periodic fluid flows with a comparable period to the WT cells (half-

period, T1/2 = 4.6±2 s) (fig. S4.4), thereby ruling out tumbling as a requirement for periodic flow. 

Viscosity and volume fraction affect the likelihood of flow reversal 

Other parameters were found to affect the likelihood of periodic reversals in dense E. coli 

droplets, such as medium viscosity and bacterial volume fraction. The fraction of periodic 

droplets was maximum when the bacterial volume fraction was 0.56 (fig. S4.5). Increasing 

medium viscosity reduced the fraction of periodic flows, and 10% Ficoll led to full extinction of 

periodic droplets (fig. S4.6). However, neither of these parameters altered the frequency of 

reversal (Fig. 4.3, E and F). 

What then sets the frequency? 

We hypothesized that the time scale defined by the ratio of droplet diameter to velocity 

may contribute to the value of T1/2, as it is comparable to our measured half-periods, because the 

average maximum flow velocity was ~25 µm/s for WT droplets with diameters of ~20 µm. In 

addition, because the maximum velocity in the droplets is proportional to the droplet diameter 
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and independent of the volume fraction (Fig. 4.4, A and B), we would expect the half-period to 

be independent of these parameters, as observed. One way to modify the collective speed of the 

bacteria in the droplets is to alter the swimming speed of the individual cells. We found that 

bacteria in late log phase swim substantially slower than those at mid-log phase. By selecting 

bacteria from different phases in growth, we were able to adjust swimming speeds from 6 to13 

µm/s. Consistent with our hypothesized scaling, we found that the half-period varied inversely to 

the cell velocity (Fig. 4.4B). Cell velocity did not strongly affect the probabilities of observing 

reversals (fig. S4.2B). 

 

Figure 4.4| Dependence of reversals on diameter and swimming speed. (A) Flow velocity 
depends linearly on droplet diameter and does not depend strongly on volume fraction. Data 
points represent the average value and SEM for droplets with diameters within ±10 mm of the 
data point. (B) The inverse of the half-period scales linearly with the swimming speed of the 
bacteria. The simulations predict that there is an asymmetric density distribution for droplets that 
periodically reverse  

Density gradients drive reversals 

While the swimming speed of individual cells affects the period of the oscillations, it 

remained unclear what physical mechanism drives the reversals. In our simulations, we found 

that random initial conditions that produced periodic reversals also had an asymmetric density 

distribution of bacteria within the droplet, whereas initial conditions that led to stable vortical 

motion had an azimuthally symmetric density distribution (Fig. 4.5, C and D). To test whether 

this same distribution is observed experimentally, we used the membrane dye FM 4-64 to 

fluorescently stain the bacteria and observed asymmetric fluorescence in droplets that showed 

reversals, while droplets with random motion or stable vortices had symmetric fluorescence 
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intensity with a peak in fluorescence at the edge of the droplet (Fig. 4.5, E and F).Therefore, the 

density gradient is likely the driving force for creating these periodic reversals, which is 

consistent with the proposal that random motion of the bacteria leads to an effective torque when 

the bacterial orientation is perpendicular to the gradient of the density [85]. 

 

Figure 4.5| Dependence of reversals on density gradients. (C), whereas the distribution is 
symmetric for droplets with stable vortices (D). The color map in (C) shows the volume fraction 
of the bacteria. FM 4-64 was used to fluorescently stain the bacterial membranes. Images 
represent the fluorescent intensity in the droplets averaged over 1 s for a droplet undergoing 
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periodic reversals (E) and one undergoing stable vortical motion (F). The color maps in (E) and 
(F) are in arbitrary units. The plots underneath the images show the order parameter (Ψ) versus 
time for these droplets. Scale bars, 10 µm.  

DISCUSSION 

Here, we have shown that dense suspensions of E. coli produce notable periodic reversals 

when confined in small regions. Using an exhaustive array of experiments, we varied key 

parameters in the system to determine what physics drives these reversals, especially considering 

that B. subtilis does not show this behavior. We found that cell length is a dominant factor in 

controlling the propensity for periodic flows but has little to no effect on the reversal frequency. 

Because cell length does not affect the reversal frequency, this result suggests that cell length 

may not be a driving factor in producing the reversals, but rather, because longer cells are harder 

to rotate and more likely to collide with one another in a dense, locally aligned suspension, cells 

with longer lengths may just prevent each other from being able to reverse direction. Average 

cell swimming speed, on the other hand, was the only control parameter that altered frequency, 

which suggests that the frequency is proportional to the single-cell speed divided by the diameter 

of the droplet. Notably, the observed flows are apparently multistable: Under similar conditions, 

we observed different types of flows in a droplet, periodically reversing, stable vortices, or 

random motions. Our two-phase mathematical model for collective motion of bacteria showed 

quantitative agreement with our experiments and also suggests a mechanism for the multistable 

behavior. Specifically, the multistable behavior is dependent on establishing an asymmetric 

density gradient across the droplet. 

The results presented here provide new insights into the behavior and physics of active 

systems. We have shown that subtle changes in the physical properties of a dense suspension of 

swimming bacteria can lead to major qualitative changes in the dynamics of the system. While at 

face value this finding would seem to suggest that even simple active systems are substantially 

complex, we found that a model that encompasses the basic physical aspects of this system is 

predictive for how minor geometrical differences switch a stable vortex of confined bacteria into 

one that periodically oscillates. This work is then suggestive that active suspensions can be 

designed to achieve specific tasks. One such application of the work presented here is in the field 

of micromixing, which is currently an active area of microfluidic design for a range of 

biomedical and other microfluidic applications, such as polymerization, DNA analysis, enzyme 
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screening, and the detection and analysis of chemical or biochemical content [106-108]. 

Chemical transport and reactions that occur in microvolumes typically rely on slow diffusive 

processes. Passive or active mixing accelerates these processes by bringing soluble chemicals 

together more rapidly than pure diffusion. The modeling and experiments that we describe here 

can provide a means to custom design active matter systems to produce micromixers that meet 

specific protocol requirements. 

 

MATERIALS AND METHODS 

Cell culture  

WT strain MG1655 was grown in standard Terrific Broth (TB; Sigma) at 37°C and 

shaken at 200 rpm. An overnight culture was started from a frozen glycerol stock and was 

diluted 200× and grown for 5 hours until late-exponential phase [optical density at 600 nm 

(OD600) of 0.6 ± 0.05].  

Chemotaxis-gutted E. coli mutant RBB1050 (gift of R. Bourret, University of North 

Carolina) was grown in standard Tryptone Broth (TrB) supplemented with streptomycin (50 

mg/ml; Sigma) for selection and shaken at 200 rpm. An overnight culture was grown from a 

frozen glycerol stock derived from a clonal population of nonchemotactic cells and was diluted 

200× and grown for 6 hours to late-exponential phase (OD600 of 0.4 ± 0.05).  

To alter the average length of the E. coli cells, cephalexin (60 mg/ml) was added during 

the last 20 min to 2 hours of growth. To compute the average cell length for a given incubation 

time in cephalexin, still images were acquired using DIC microscopy and a 63×/1.4 numerical 

aperture (NA) objective at low cell densities. Using the image analysis software ImageJ (29), we 

measured the length of 200 to 400 individual cells for each cephalexin condition.  

To alter the viscosity of the bacterial medium, a 20% stock solution of Ficoll PM-400 

(Sigma) was prepared in TB by slowly dissolving 10 g of Ficoll powder in TB until reaching a 

final volume of 50 ml. This solution was filter sterilized and diluted with sterile TB to produce 

homogeneous solutions of the desired concentrations (5 to 10%). Solutions were stored at 4°C 

until time of imaging.  

A quantity of 10 ml of stock solution was added to a No. 2 size Gilmont falling ball 

viscometer (Thermo Fisher Scientific, Waltham, MA) as per the manufacturer’s instructions. A 

glass bead was used for lower viscosity solutions (2 to 20 cP), and a stainless-steel bead was 
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used for higher viscosities (10 to 100 cP). The time required for the bead to drop a fixed distance 

was recorded. Three trials were performed for each sample, and the average time, t, was used to 

calculate the viscosity, m, as per the following formula 

𝜇 = 𝐾(𝜌E − 𝜌)𝑡 

where K is a constant, rc is the density of the bead, and r is the density of the solution. The drop 

time for the bead in water, which was assumed to have a viscosity of 1 cP, was used to determine 

the value of K. The same method was used to measure the viscosity of TB without Ficoll. We 

found that TB has a viscosity comparable to water.  

Slide preparation  

Slides were prepared following the procedure described in [31]. Five milliliters of cell 

culture was centrifuged for 10 min at 2000g. Medium was poured from the tube, and the pellet 

was dried. The pellet was then gently resuspended (carefully avoiding scratching the pellet with 

the pipette tip) in TB, TB-Ficoll stock, or TrB. D-Mannose (RPI Corp.) was added to TrB for 

RBB1050 resuspension medium at a final concentration of 0.2% to prevent bacteria from 

clumping together. The volume of medium used to resuspend the pellet ranged from 0 to 50 ml 

to modulate volume filling fractions from 0.85 to 0.41. Twenty-five microliters of volume 

fraction–adjusted culture was transferred to a 1.5-ml microcentrifuge tube. An emulsion was 

created by pipetting and mixing the culture with 100 ml of mineral oil (Sigma) containing 

diphytanoyl phosphatidylcholine (DiPhyPC; 10 mg/ml; Avanti) to prevent droplets from 

coalescing. The microcentrifuge tube was then rolled, upright, between thumb and forefinger for 

~10 s to create a gradient in droplet size across the height of the tube. Fifteen microliters of 

emulsion was pipetted from the top of the tube, to select for small droplets, and was sandwiched 

between two coverslips. Coverslips were rendered hydrophobic with silane (Sigma) ~1 hour 

before imaging to create droplets that were widest equidistant from the coverslips. This method 

produced many pancake-shaped droplets with heights of approximately 25 mm and diameters 

from 10 to 200 mm.  

Because oxygen consumption by the bacteria limits the amount of time droplets remain 

motile [31], the time between all steps of slide preparation was minimized and monitored 

carefully. Setting time = 0 at the completion of centrifugation, the pellet was dried and resus- 

pended until time = 60 s. Emulsion pipetting then lasted until time = 120 s. Slides were plated 

and rushed to the prepared microscope to be imaged immediately.  
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Volume fraction, f, was calculated as per the following formula 

𝜙 =
𝜙G

1 + 𝑑
𝑉G

 

where f0 is the volume fraction of the pellet, V0 is the pellet volume, and d is the volume of fluid 

in which the pellet was resuspended. Using the maximum packing density of circles, 0.9, to set 

an upper limit to our estimate, we estimated the value of f0 to be 0.85. Using a pipette, V0 was 

measured for three E. coli and three B. subtilis cultures. V0 for B. subtilis was 56 ±14 ml and for 

E. coli was 47± 2 ml. Volume fraction was then modulated by changing d during slide 

preparation.  

Microscopy and image processing  

All movies were acquired at 32 frames per second (fps) on a Zeiss Axio Observer 

inverted microscope equipped with a Hamamatsu ORCA-Flash4.0 CMOS camera. Movies were 

captured with a 63× oil immersion objective (1.4 NA), focused equidistant from coverslips. All 

movies were either DIC or wide-field fluorescence using Zeiss Filter Set 43 (HE DsRed). Slides 

were discarded after 3 min on the microscope (5.5 min after centrifugation ends), before oxygen 

consumption led to oxygen gradient formation and altered cell motility.  

In general, video microscopy images were acquired for 30 s. These images were used to 

determine the probability that the bacteria would undergo periodic reversals and to determine the 

characteristics of the velocity fields, such as maximum velocity, average velocity, and the 

velocity as a function of radial position. For conditions where periodic reversals were not 

observed (i.e., cephalexin-treated cells that were longer than 6 mm), some 10-s videos were used 

to quantify the flow characteristics.  

Droplet velocity fields were calculated by defining the region of interest about a droplet 

using a custom MATLAB algorithm to threshold a given droplet region in each frame of a time-

lapse movie. This sequence of binary masks was then used along with a gradient-based optical 

flow method [9] to determine the velocity fields. The velocity fields were validated by 

simulating the motion of virtual tracer particles in the computed flow, as described in [9].  

Flow patterns in the droplets were classified using the dynamics of the order parameter y as a 

metric (fig. S4.1). Plots of y versus time that showed periodicity (which was almost always a 

square wave shape) were classified as periodic reversals. When the magnitude of y was >0.5 for 
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the length of the movie and did not change sign, the droplet was classified as a stable vortex. 

These droplets were further classified as either a single stable vortex or a counterrotating vortex 

based on whether or not the optical flow–extracted velocity fields had counter flow at the edge of 

the droplet. All droplets that were not classified as any of these patterns were categorized as 

showing random motion.  

The half-period (T1/2) was measured by hand using the order parameter versus time 

plots. These plots were opened in ImageJ [109], and the time it took to go from one handedness 

of flow (e.g., counter- clockwise) to the other (e.g., clockwise) was measured for each transition. 

The half-period was defined as the average value of these measurements.  

Bacterial density measurements  

Cultures were stained with 4 mM FM 4-64 (Life Technologies) for 20 min and were then 

centrifuged and pelleted as above. After removal of the supernatant, the bacteria were 

resuspended in 25 ml of TB. Droplets were created by pipetting and mixing the culture with 100 

ml of mineral oil with DiPhyPC and were sandwiched between silane-coated coverslips. For 

each droplet, a 10-s DIC movie was captured, immediately followed by a 10-s epifluorescence 

movie. Each of these movies was acquired at a rate of 16 fps with 2 × 2 binning.  

Average fluorescence intensity was determined within droplets using the ImageJ Z-

project tool to average the intensity over a specific length of time (typically 1 s). To confirm 

asymmetry in the intensity distribution, the plot profile tool was used to measure the intensity 

across two perpendicular cuts through each averaged fluorescent image.  

Single-cell velocities  

E. coli was grown for 5 to 7 hours, centrifuged, and resuspended in TB at low volume 

fraction before being plated in tunnel slides constructed using two layers of double-sided tape as 

spacers between slide and coverslip. Ten-second DIC movies were taken as described above. 

Individual cells were identified in our images using nonnegative mixed-norm preconditioning 

[110] to threshold the images. The resulting binary images were then used to track the center of 

mass for individual cells, and the instantaneous velocity was computed as the difference in center 

of mass position between successive frames. The instantaneous velocity was then averaged for 

each cell individually.  
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Chapter 5 

Conclusions 
By connecting the biophysics of active matter and collective cell migration, we have 

shown how the active components of two biological systems drive the collective behavior of 

these systems. In both epithelial sheets and high-density rod-shaped bacteria, how the 

biophysics of individual cells affects collective migration is not obvious from first 

principals. By applying an accurate and efficient method for extracting flow fields from 

digital images to video micrographs, we were able to measure the collective behavior of 

both systems and study them from the perspective of active matter biophysics. 

In wounded epithelial monolayers, we showed that single cell velocity, number of 

leader cells, and jamming are not enough to predict wound healing dynamics. Rather, cell 

adhesion to the substrate and traction stress from intracellular contraction are the parameters 

that have the largest effect on collective migration. We show that even closely related cell 

types, MDCK Is and MDCK IIs, respond differently to their substrates, fibronectin, and 

poly-L-lysine. Single MDCK I cells migrated significantly faster on fibronectin than poly-

L-lysine, whereas MDCK II cells were barley altered. We propose that the difference is 

poly-L-lysine decreases cell adhesion for MDCK cells, and suggest that because cells crawl 

by contracting, only a small fraction of the contractile stress is used to propel the cell 

forward. We conclusively ruled out cell speed as the driving force behind wound healing for 

these cell types. Overall, we show that it is possible to link single-cell behavior to collective 

epithelial dynamics. 

In high-density suspensions of E. coli, we found interesting periodic flows when 

confined to small droplets, different from the stable flow patterns observed in B. subtilis. 

We varied key parameters in the system to determine what physics drive these reversals. We 

found that parameters like medium viscosity and the size of the confining droplet do not 

affect the type of flow pattern the collective fluid exhibits. It is cell body length that 

determines if the flow pattern is E. coli-like or B. subtilis-like. However, cell body length 

does not set the period of flow direction in E. coli-like droplets, suggesting that because 

longer cells are harder to rotate in a dense, locally aligned suspension, cells with longer 

length prevent each other from changing direction. Average cell swim speed was the only 
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parameter to alter frequency, suggesting that frequency is proportional to single-cell speed 

divided by the diameter of the droplet. 

You could ask, why do the organisms studied here have the collective behavior that 

they do? What is the benefit to the organism? In both systems, the most striking feature of 

their collective behavior is the presence of large-scale turbulent-looking flows. While E. 

coli and MDCK cells seem strikingly different, a coarse level description of the physics of 

their motility is surprisingly similar. The individuals of both of these cell types reside in an 

environment where resistive forces are large compared to inertia.  The consequence of this 

is that the net force on a cell must be zero, and, consequently the cells must use dipole-

distributed forces to move in a given direction.  Our modeling suggests that these dipole-

distributed forces are the principal driver for the complex flows that occur in the collective.  

For highly-dense suspensions of E. coli, these flows have been shown to aid in mixing the 

fluid and to enhance diffusion of both oxygen and bacteria [111]. This is especially 

important when bacteria are tightly packed, as they are during collective swimming, which 

results in a greater overall rate of nutrient consumption and the potential for exhaustion of 

the medium. In the case of epithelial layers, migration is often in response to a wound in the 

epithelium. The existing epithelial cells crawl to fill the void and heal the wound. Because 

wounded regions are often irregular in shape and texture, chaotic turbulent-like motions of 

the crawling epithelium may allow for faster migration over and around obstacles and 

irregularities in the wound. In addition, it is the physics in these systems that cause 

turbulent-like flows. Because of this, turbulent flow behavior is built into the system from 

the beginning, bypassing the need to wait for any biochemical signaling. Epithelial cells, for 

example, are always ready to migrate and close a wound in any direction.  

As mentioned above, it is a general feature of low Reynolds number systems, that 

individuals must create dipole (or higher order) force distributions in order to move.  

Therefore, it is likely that the results of this work are descriptive of many collective cell 

systems beyond just rod-shaped bacteria and epithelia. The slime mold Dictyostelium 

discoideum, is a eukaryote that transitions from a group of single amoebae cells into a 

multicellular slug and then into a fruiting body within its lifespan. Because if its short 

lifecycle that involves a transition from unicellularity to multicellularity, D. discoideum has 

become a model organism for studying cell motility, chemotaxis, and development. At the 
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single cell level, D. discoideum is quite similar to MDCK cells in that its motility is driven 

by actin cytoskeleton polymerization and actomyosin contraction. During aggregation, 

starvation induces a set of biochemical machinery including glycoproteins that facility cell-

cell adhesion. Because of the similarities in the physics of dictyostelium migration and 

epithelial dynamics, it is likely that our model of epithelial sheets may describe the physical 

aspects of D. discoideum migration and aggregation and lead to a better understanding of 

organismal development and the transition from unicellularity to multicellularity. 

Additionally, our results and model describing the motility of high-density bacterial 

suspensions may impact the initial stages of biofilm formation. Biofilms are a collection of 

one or more types of microorganisms that become adherent and embedded within an 

extracellular matrix composed of extracellular polymeric substances (EPS). Biofilm 

formation is of great interested due to their role in antibiotic resistant infection, industrial 

applications like water treatment, and produce contamination. Understanding the early 

stages of biofilm formation, prior to EPS development and cell adherence, will likely 

require a description of the dynamics of highly-dense suspensions of swimming bacteria. 

Overall, our results provide new insights into the physics of active systems. We have 

shown that subtle changes in the physical properties of a dense suspension of bacteria leads 

to major qualitative changes in the dynamics of the collective system. We have also shown 

that subtle changes to epithelial cell-substrate adhesion has a large effect on the collective 

behavior of epithelial sheets in wound healing experiments. At face value, these findings 

would seem to suggest that even simple active systems are substantially complex, but 

models that encompass the basic physical aspects of these systems are predictive of their 

collective behavior. 

Our model for epithelial cells is built off general features of eukaryotic cell crawling.  

As many cancers originate in epithelial tissues, the work presented here should be 

informative about collective motility that occurs in cancer.  Therefore, future directions for 

this work include the incorporation of biochemistry into the description of epithelial 

motility from chapter 3 as a framework to understand cancer metastasis. That is, extend the 

work introduced in Appendix B: The role of 14-3-3g overexpression in single and collective 

NSCLC cell migration in order to predict how proteomic alterations affect cell migration. In 

addition, it is not clear how external forces, such as chemotactic gradients might influence 
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the collective dynamics we describe here.  Indeed, in a chemical or temperature gradient, we 

expect density gradients of the cells (especially in the context of bacterial chemotaxis).  As 

we showed with our bacterial droplet experiments, density gradients can drive dynamic 

vortices, and therefore we expect that systems with chemoattractant gradients will show 

unexpected collective dynamics. Since any cells at low Reynolds number necessarily 

generate motion using a net zero force distribution, we expect all collective cellular systems 

to be impacted by the physics that we describe here. Therefore, the potential future 

directions of this work are nearly unlimited.
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Appendix A 

Supplementary Figures for Cellular Contraction Can Drive 
Rapid Epithelial Flows 

 

Figure S3.1| Histograms of cell area (left panels) and cell speed (right panels) for MDCK Is 
(top panels) and MDCK IIs (bottom panels). The light blue bars corresponds with data from 
Fibronectin coated slides, and the salmon colored bars correspond to poly-L-lysine coated slides.  
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Figure S3.2| Wound healing assays with II-PL cells sometimes show retraction of the wound 
edge. (a) II-PL cells showed two distinct behaviors, slow, steady advance of the border (Fig. 2d) 
and the retraction shown here. Scale bar is 150 μm. (b) Representative velocity fields from (a), 
with the white box in (a) indicating the corresponding time and location of this sub-region. Scale 
bar is 50 μm; arrow represents a velocity of 30 μm/hr. (c) Average intra-layer spatial correlations 
were measured for all cases (p < 0.05, two-sample t-test for all cases unless otherwise specified. 
I-FN n = 130; I-PL n = 42; II-FN n = 69; II-PL n = 6; n = 18). Average border (d) and intra- 
layer (e) velocities for each scenario (p < 0.05, two-sample t-test for all cases unless otherwise 
specified. I-FN n = 135; I-PL n = 33; II-FN n = 71; II-PL n = 28; n = 12). (f) The II-PL cells 
were the only cells that showed a significant correlation between leader cells and border velocity. 
In the absence of leader cells, the borders were more likely to retract than to extend; however, 
with leader cells there was often a slow advance of the wound border. (c-f) Error bars are SEM.  
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Figure S3.3| Border shape is not a predictor of border velocity. Average border velocity is 
independent of border shape for MDCK Is on fibronectin (red dots) and MDCK Is on poly-L- 
lysine (green dots). To determine the border shape, we fit the border to a line using a least 
squares method. Border shape was then defined by subtracting the length of this line from the 
perimeter of the border perimeter and dividing the result by the border perimeter. This definition 
of border shape is zero for a straight border and increases as the border roughens, with a 
maximum value of 1.  
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Figure S3.4| Control images for TFM. Unstressed substrate pre-trypsin treatment is shown in 
green on the left. Post-treatment image shown in magenta in the middle. The right panel is the 
overlay of the two images, showing that the trypsin treatment does not cause noticeable 
deformations of the substrate.  
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Figure S3.5| Confluent monolayers of II-FN (a) and II-PL (d) were imaged for 5 hrs. (b,e) 
Characteristic velocity fields from the sub-regions (white boxes) shown in (a,d). Velocity fields 
are color coded as described in the text. (c,f) Trajectories of simulated tracer particles were used 
to measure the displacements of cells in the monolayer. (g) Velocity-velocity spatial correlation, 
I(r), showing that there is a marked difference in the correlation of the I-PL cells compared to all 
the other experimental scenarios. The inset shows the calculated correlation lengths. Error bars 
are SEM.  
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Figure S3.6| Histograms of intra-layer speeds for confluent MDCK I cells pre- and post-drug 
treatment with a DMSO control (left panels), blebbistatin (middle panels), and calyculin A (right 
panels). The histograms show that the cells are unaffected by treatment with DMSO. Blebbistatin 
treatment shifts the peak in the I-PL to lower speeds, but slightly increases the speed of I-FN. 
Calyculin A leads to a longer tail in the intralayer speeds for both I-PL and I-FN.  
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Appendix B 

The role of 14-3-3g overexpression in single and collective 
NSCLC cell migration. 

 
14-3-3 proteins are a large family of proteins that are found in all eukaryotes [112]. These 

proteins are involved in many cellular processes and regulate a multitude of signaling 

pathways.14-3-3 proteins are abnormally expressed in in many lung cancers, which suggests that 

these proteins play a role in tumorigenesis [112, 113]. One of the seven 14-3-3 isoforms, 14-3-

3g, is correlated with high expression in non-small cell lung cancers (NSCLC).  Additionally, 14-

3-3g overexpression has been correlated with metastasis in NSCLCs [114].   It has been shown 

that 14-3-3g is involved in the snail pathway and other pathways that affect cell-cell adhesion 

[115]. Here we measure the effects of 14-3-3g overexpression on single and collective cell 

migration in A549 and H322 NSCLC cell lines using live cell imaging and digital image 

processing. 

The experiments shown here used A549 and H322 NSCLC cell lines. A549 cells were 

derived from adenocarcinomic human alveolar basal epithelial cells. The H322 cell line was 

derived from a primary bronchioalveolar carcinoma of the lung. These cell lines have been used 

to show that 14-3-3g knockdown reduces invasion, measured by transwell assays [114]. Both of 

these cell lines were induced to stably overexpress 14-3-3g by the Martinez lab (U. Arizona). 

Single cell and collective cell experiments were completed in a similar fashion to the 

experiments described in Chapter 3. Briefly, glass bottom dishes were coated with fibronectin 

and cells were plated at either low or high density. Low density experiments were imaged in DIC 

within 24 hours and single cell velocities were extracted using a custom MATLAB image 

processing algorithm. For high density experiments, the cells were allowed to grow to 

confluence. Then, a scalpel was used to remove a strip of cells and create a wound in the 

monolayer. The wound boundary velocity was then tracked using a custom MATLAB algorithm. 

In both single cell and collective cell cases, velocities were compared between control and 14-3-

3g overexpressing cells. 
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When measuring the effects of 14-3-3g overexpression on single cell crawling speed (Fig. 

B1), we found that single H322 control cells crawled ~6x faster, on average, than single A549 

control cells: 7.9 ± 0.9 µm/h and 1.3 ± 0.1 respectively. H322 cells overexpressing 14-3-3g 

crawled at 23 ± 2.0 µm/h, a ~3-fold increase over the H322 control cells. A549 cells 

overexpressing 14-3-3g crawled at 1.8 ± 0.3 µm/h, showing no significant change in crawling 

speed as a result of 14-3-3g overexpression. 

 
Figure B1| The effect of 14-3-3g overexpression on the motility of single NSCLC cells. Average 
cell speeds were measured in both (A) H322 and (B) A549 cell lines. (A) Cell crawling speed is 
significantly increased in H322 cells overexpressing 14-3-3g when compared to H322 control 
cells (p = 5.8e-18, anova; H322_Control n = 106, H322_14-3-3+ n = 88). (B) Cell crawling 
speed is not significantly changed in A549 cells overexpressing 14-3-3g when compared to A549 
control cells (p = 0.13, anova; A549_Control n = 53, A549_14-3-3g+ n = 69). 

 

To measure the effect of 14-3-3g overexpression on collective cell migration, we 

performed scratch assays on the same cell types (Fig B2). Interestingly, 14-3-3g overexpression 

had opposite effects on the collective dynamics of H322 and A549 cells. Overexpression of 14-

3-3g increased the crawling speed of H322 cells from 2.2 ± 0.2 µm/h in control cells to 10 ± 0.4 

µm/h in overexpressing cells. Overexpression of 14-3-3g decreased the crawling speed of A549 

cells from 3.7 ± 0.2 µm/h in control cells to 1.6 ± 0.2 µm/h in overexpressing cells. 
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Figure B2| The effect of 14-3-3g overexpression on wound closure in NSCLC cells. Average 
wound closure speeds were measured in both H322 and A549 cell lines by tracking the leading 
edge of monolayers in scratch assays. Border progression is significantly increased in H322 cells 
overexpressing 14-3-3g when compared to H322 control cells (p = 1.1e-41, anova; 
H322_Control n = 88, H322_14-3-3+ n = 99). Border progression is significantly decreased in 
A549 cells overexpressing 14-3-3g when compared to A549 control cells (p = 1.4e-14, anova; 
A549_Control n = 53, A549_14-3-3g+ n = 46). 
 

In the context of non-small cell lung cancer (NSCLC), we find  that overexpression of the 

scaffolding protein 14-3-3g, which is correlated with metastasis and poor patient prognosis, 

increases single cell motility in H322 and not A549 NSCLC cell lines; however overexpression 

impairs the collective migration of A549s while accentuating the motility of H322s.  Although 

wound-healing assays may be informative for cancers and developmental processes where 

collective migration is involved, they should not be used to study single-cell processes such as 

the metastases from leukemias, lymphomas, and most solid stromal tumors [90]. Likewise, 

single-cell experiments are not informative for processes that involve collective migrations.
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Appendix C 

Supplementary Figures for Swimming Bacteria Power 
Microspin Cycles 

 

Figure S4.1| Characteristic dynamics of the order parameter for representative droplets. 
Representative plots of the order parameter as a function of time for the three identifiable 
scenarios, peridocially-reversing, persistent vortex, and chaotic or random motion. These plots 
were used as a way to objectively determine which state a given droplet was in. 

 

Figure S4.2| The effect of droplet diameter and cell swimming speed on the probability of 
different flow patterns. The probability of observing different flow patterns is not strongly 
affected by droplet diameter (left panel) or cell swimming speed (right panel), except for small 
droplet diameters or low swimming speeds. Blue shading corresponds to periodic reversals, 
purple is single, stable vortical motion, and grey is sporadic motion.  
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Figure S4.3| Model predictions for the effect of bacterial length on the flow dynamics. (A) The 
model predicts that the probability of observing a periodic droplet (light blue) is maximal at a 
length of 4.0 µm, while the probability of observing steady vertical motion (purple) is more 
likely at smaller and longer lengths. (B) The half period is only weakly dependent on bacterial 
length. (C) The average maximal velocity in the droplets increases with cell length for stable 
vertical motion (red) but decreases in periodically reversing droplets (blue).  
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Figure S4.4| Counterrotations are not affected by che mutants. The order parameter as a 
function of time for the non-reversing, chemotaxis mutant strain RBB1050. The reversals occur 
every ~ 5 seconds, which is comparable to wild-type cells.  

 

Figure S4.5| The effect of volume fraction on the probability of different flow patterns. The 
probability of observing different flow patterns as a function of volume fraction. The colors 
correspond to the flow patterns: E. coli-like, periodic reversals (blue), sporadic droplets (grey), 
and single vortices (purple).  
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Figure S4.6| The effect of fluid viscosity on the probability of different flow patterns. The 
probability of observing different flow patterns as a function of Ficoll concentration (which 
increases the fluid viscosity). The colors correspond to the flow patterns: E. coli-like, periodic 
reversals (blue), sporadic droplets (grey), and single vortices (purple).  

 

Figure S4.7| The effect of growth time on single-cell velocities. N > 78 for all points, error bars 
are SEM.  
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