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ABSTRACT We present the formulation and testing of a mathematical model for the kinetics of homotypic cellular
aggregation. The model considers cellular aggregation under no-flow conditions as a two-step process. Individual cells and
cell aggregates 1) move on the tissue culture surface and 2) collide with other cells (or aggregates). These collisions lead to
the formation of intercellular bonds. The aggregation kinetics are described by a system of coupled, nonlinear ordinary
differential equations, and the collision frequency kernel is derived by extending Smoluchowski's colloidal flocculation theory
to cell migration and aggregation on a two-dimensional surface. Our results indicate that aggregation rates strongly depend
upon the motility of cells and cell aggregates, the frequency of cell-cell collisions, and the strength of intercellular bonds.
Model predictions agree well with data from homotypic lymphocyte aggregation experiments using Jurkat cells activated by
33B6, an antibody to the 13 integrin. Since cell migration speeds and all the other model parameters can be independently
measured, the aggregation model provides a quantitative methodology by which we can accurately evaluate the adhesivity
and aggregation behavior of cells.

INTRODUCTION

Cell-cell interactions play a very important role in regulat-
ing various processes in normal physiological function and
during immune response such as leukocyte-endothelium
interactions and cytotoxic T-cell activity (Clayberger et al.,
1987; Springer, 1995). A better understanding of the adhe-
sion processes between these cells will give us the ability to
devise new methods to regulate these phenomena.
The study of homotypic aggregation under an optical

microscope is a common method used by immunologists to
study the role of various reagents in activating and modu-
lating cell adhesion (Rothlein and Springer, 1986; Bednar-
czyk and McIntyre, 1990). Fig. 1 presents images obtained
in our laboratory showing the time course of a typical
homotypic aggregation experiment, where Jurkat cells (a
lymphoblastoid T-cell line) were activated by 33B6, a
monoclonal antibody to the I31 integrin. Initially the cells
were spread out uniformly on the well surface. During the
course of the experiment they migrated on the tissue culture
surface, colliding with other cells to form large, multilay-
ered aggregates. A recently developed aggregation assay
has allowed us to accurately measure aggregation kinetics
and show that both the size and morphology of cell aggre-
gates follow temporal evolution patterns that strongly de-
pend upon the cell type and the activation protocol (Munn et
al., 1993; Neelamegham and Zygourakis, in press). Such
information, however, is not sufficient for distinguishing
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among the various important mechanisms that affect cellu-
lar aggregation.

For cellular systems like the one described above, we
expect that the rate of aggregation will depend on 1) the rate
of collision of cells and cell aggregates, and 2) the ability of
the two colliding species to bind upon contact. Collision
rates should be strong functions of the cell migration speed
and the size of the aggregates. In turn, cell migration speed
is governed mainly by its cytoskeletal activity (Oster, 1984;
Bretscher, 1994) and by cell-surface interactions (Lauffen-
burger, 1989). The fraction of cell collisions resulting in
adhesion gives the sticking probability, which depends on
the concentration of surface receptors and their affinities for
the ligands on the opposing species (Bell, 1978, 1979;
Hammer and Lauffenburger, 1987). These parameters are
affected both by the level of cell activation and by more
subtle biological variables, such as the cell cycle and cell-
surface interactions. They are probably also time dependent
because of activation and down-regulation of adhesion
processes.
The above points are sometimes overlooked by investi-

gators analyzing cellular adhesion by monitoring aggrega-
tion, and this can lead to misinterpretation of the experi-
mental data. For example, two systems may have similar
aggregation kinetics, even though they have very different
binding capabilities: a system with highly motile cells with
low-affinity receptors may be indistinguishable from one
with cells having low motility but high-affinity receptors.
Comparisons among various aggregation experiments are
further complicated because of difficulties in controlling
other system parameters such as the initial cell density. To
resolve these problems, kinetic models must be developed
and applied to the analysis of experimental aggregation
data.
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FIGURE 1 Homotypic aggregation. Digital images showing the tempo-
ral evolution of homotypic aggregates of Jurkat cells activated by a
monoclonal antibody to the I31 integrin, 33B6. Images were acquired at 0
min, 30 min, 90 min, and 10 h after mAb addition. Lymphocytes formed
aggregates whose size and morphologies strongly depended on the cell
type and the activation protocol.

Using the Smoluchowski equation (Smoluchowski, 1917)
as a starting point, several investigators have developed
macroscopic models to describe nonequilibrium aggrega-
tion events in a variety of biological and nonbiological
fields, including polymer science, colloidal chemistry, and
physics (Sutherland and Goodarx-nia, 1971; Zeichner and
Schowalter, 1979; Botet and Jullien, 1984). In biological
systems, Samsel and Perelson used the Smoluchowski ap-
proach to model the aggregation of erythrocytes into cylin-
drical clusters called "rouleaux" (Samsel and Perelson,
1982, 1984). More recently this method has been used by
Dolgosheina et al. to study the agglutination of bacterial
cells by bivalent antibodies (Dolgosheina et al., 1992).
Several groups have also applied the Smoluchowski equa-
tion to simulate the aggregation and disaggregation kinetics
of platelets (Nguyen and O'Rear, 1990; Huang and Hel-
lums, 1993) and lymphocytes (Evans and Proctor, 1978).

In this paper we adapted Smoluchowski's colloidal floc-
culation theory (Smoluchowski, 1917) to model the kinetics
of homotypic cellular aggregation under static conditions.
To relax some of the restrictive assumptions of earlier
models and to more accurately simulate the behavior of our
aggregation system, we modified the kinetic kernel in ac-
cordance with our experimental findings and basic collision
theory principles. Experimentally measured aggregation
rates for Jurkat cells activated under various protocols
agreed well with theoretical predictions. This comparison
allowed us to quantify the dependence of aggregation rates
on 1) the motility of cells and cell aggregates, 2) the

frequency of cell-cell collision, and 3) a measure of the
strength of intercellular bonds. Thus this model provides a
potentially useful tool for identifying the important physi-
ological parameters involved in aggregation and for cor-
rectly interpreting experimental data obtained from visual
assays of homotypic cellular aggregation.

EXPERIMENTAL METHODS

Video microscopy and image-processing techniques were applied to mea-
sure the cell motility parameters and aggregation kinetics of Jurkat cells (a
human lymphoblastoid T-cell line). These experiments were used to mea-
sure the mathematical model parameters and to compare experimental
results with simulation predictions.

Aggregation measurements

We measured the aggregation kinetics of Jurkat cells (a human lympho-
blastoid T-cell line) in RPMI media supplemented with fetal bovine serum
(FBS) (Neelamegham et al., 1996; Neelamegham and Zygourakis, in
press). Cells were seeded at a density between 1100 and 2000 cells/mm2 in
the video microscopy apparatus described earlier (Munn et al., 1993;
Neelamegham and Zygourakis, in press). At the start of an aggregation
experiment, cells were mainly found as singlets along with some doublets
and a few small aggregates. During the course of the experiment, cell-cell
collisions lead to the formation of larger multilayered cell aggregates,
usually with considerable cell stacking (Fig. 1). A sequence of digital
images was acquired at fixed time intervals (typically every 30 min for
8-10 h after activation) to monitor the aggregation kinetics.

An aggregation assay based on image processing was used to calculate
the actual number of cells in each aggregate (Neelamegham and Zy-
gourakis, in press). This allowed us to monitor the change in aggregate size
distribution with time and the extent of cell stacking (i.e., the three-
dimensional structure of aggregates). Aggregation kinetics was measured
using the following indices.

Size indices

The extent of aggregation was quantified by monitoring the quartile values
of the cell aggregate populations. The quartile values, Q,, Q2, and Q3, are
the aggregate sizes below which 25%, 50%, and 75%, respectively, of the
cells are found.

Morphology index

The extent of stacking was quantified by the stacking index (, which is
measured by monitoring the decrease in the cumulative projected area of
the cells and cell aggregates during the aggregation experiment. The
expression for the stacking index is

So - S(t)
3= so

(1)

where SO is the initial projected area of the cells and S(t) is the projected
area of the cells and the cell aggregates at time t. The stacking index
depends on both the nature and dosage of the activating reagent. It is equal
to zero if no three-dimensional aggregates are formed and all of the cells
are in contact with the plate surface at all times. Low values of f3 (in the
0.1-0.2 range) indicate the formation of aggregates with some vertical
stacking, whereas higher values in the 0.4-0.6 range indicate the presence
of aggregates where 40-60% of the cells are stacked on top of other cells,
forming large, multilayered clumps.
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Cell migration measurements

Jurkat cells were maintained in RPMI-1640 (Sigma Chemical Co., St.
Louis, MO) supplemented with 10% FBS (Sigma Chemical Co.). Before
the experiment, the cells were washed twice in RPMI-1640 containing 10%
FBS and carboxy methyl cellulose (CMC) (Sigma Chemical Co.) (Fresh-
ney, 1987). Addition of CMC increased the media viscosity from 1.32
centipoise to a value between 2.19 and 6.49 centipoises, depending on the
CMC concentration. Increasing the viscosity is necessary for single-cell
locomotion experiments to reduce the natural convection currents in the
well (Bird et al., 1960) and to improve the quality of the data acquired.
During the motility experiments the cell suspension was mixed with
appropriate antibody and added to a 96-well tissue culture treated plate
(Coming Glass Works, Coming, NY) maintained at 37°C and 5% CO2 in
a custom-built incubator placed on the motorized stage of a video micro-
scope (Munn et al., 1993; Neelamegham and Zygourakis, in press). The
cell seeding density was kept low at 17 cells/mM2 to minimize cell-cell
interactions and to allow us to study the motion of individual cells in a

uniform environment.
Digital images were acquired at 10-min intervals using the National

Institutes of Health Image 1.51 image-processing software (U.S. National
Institutes of Health, available via anonymous ftp from zippy.nimh.nih.
gov). A macro written in National Institutes of Health Image 1.51 was used
to track the path of individual cells and to record the x, y coordinates of the
center of the cell during the experiment (Neelamegham, 1995). The aver-

age locomotion speed Sk (in j.m/h) for a population of N cells at any time
was calculated from the discrete experimental observations using the
formula

E jN=l Idkl
Sk = I (2)

where dk is the displacement of the center of the cell in the interval At
(between times tk - ' and tk).

Cell migration was also modeled as a persistent random walk based on
the Langevin equation (Doob, 1942; Dunn and Brown, 1987; Stokes et al.,
1991). For random motility on a two-dimensional surface, the expected
mean square displacement (D2) at time t is related to the root mean square
speed S and the persistence time P by the equation

DEVELOPMENT OF THE
MATHEMATICAL MODEL

We employed time-lapsed video recording to monitor the
aggregation of various cell lines in the presence of mono-
clonal antibodies (Munn et al., 1993; Neelamegham and
Zygourakis, in press). Viewing the experiment from time-
lapsed tapes at 120X time compression, we saw actively
crawling cells whose cytoskeletal activity did not subside
when these cells aggregated (Neelamegham et al., 1996).
Large cell aggregates also crawled over and between other
cells, thus colliding with each other. The motion of aggre-
gates was therefore driven by cellular activity.

These observations were used to formulate the appropri-
ate assumptions for a model that describes cellular aggre-

gation as a two-step process. Individual cells and cell ag-

gregates move on a flat surface (e.g., bottom of tissue
culture well) and collide with other cells or aggregates.
These collisions may lead to the formation of larger cell
aggregates (Fig. 1), which, in general, have a multilayered
structure. This model considers collision of only two enti-
ties at a time and assumes that the system is closed (i.e., the
total number of cells remains constant during the course of
the experiment).

Basic modeling equations

We assume that each experiment starts with single cells
placed in a well of area At. These singlets migrate and
combine to form doublets, triplets, and larger aggregates.
Let the maximum size of the aggregate that can be found in
this system be No. If at any time t the total number of
aggregates of size i (i = 1, 2 ... No.) in the well is ni, then
the concentration of aggregates of size i is

ni
Ci = A (5)

(D2) = 22P2( - 1 + e (3)

A nonlinear regression procedure (NLIN procedure, SAS 6.07.02 pack-
age; Statistical Analysis System Institute, Cary, NC) was used to fit the
experimentally measured mean square displacement at various times to the
persistent random walk model (Eq. 3). To characterize the motion of the
entire cell population, the random motility coefficient D was computed as
follows (Alt, 1980; Farrell et al., 1990):

1
D= -pS2.2 (4)

The random motility coefficient Di of aggregates with i cells was
measured by analyzing the data from the aggregation experiments after the
6-h time point. At the 6-h time point, cell aggregates were identified and
their paths were followed for the next 3 h. Since fewer than 10% of the
aggregates were found to collide with other species in this 3-h time period,
the aggregate size did not change substantially and the displacement
measurements gave an accurate description of aggregate locomotion. The
random motility coefficients of the aggregates were calculated using the
random walk model for cell locomotion.

The aggregation of cells is modeled as a set of reactions
with multiple species based on Smoluchowski's collision
theory (Chandrasekhar, 1943; Zeichner and Schowalter,
1979; Nguyen and O'Rear, 1990). The concentration of
aggregates of a given size, C1, during the course of an
aggregation process can be found by solving the following
system of ordinary differential equations:

dCi Ii- Noi
d Ek2 j, CjIjCj- I kj CCj +

j=l j=l

No

I bij jc
j=i+l

1 il i= 1,2,3. ..No
-2Eb jj = 2,3.. . No i2=

(6)

where kj is the rate constant for aggregate formation when
two clumps of sizes i and j collide and adhere (in 1Im2 _

cells-' * h-1), bij is the disaggregation rate constant when
a clump of size j breaks up and releases aggregates of sizes
i and (i - i) (in h-1), and No is the number of differential
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equations that must be solved simultaneously (equal to the
maximum aggregate size that can be formed in the system).
The first term of Eq. 6 gives the rate at which aggregates of
size i are formed by collision of aggregates of sizej and (i -
j). The second term is the rate at which aggregates of size i
disappear when these clumps collide with other aggregates
of size j (i.e., all other sizes). The next two summations are
due to the disaggregation or breakup of pre-existing clumps.
The third term is the rate of formation of aggregates of size
i when larger aggregates of size j break up, releasing two
aggregates of size i and (j - i). The last term is the rate of
loss of aggregates when the clump of size i breaks up into
smaller species. The first and the last terms are divided by
2 in order to avoid counting the contribution of these terms
twice. Thus the overall mass balance of the system is
satisfied. This system of ordinary differential equation must
be solved subject to the initial conditions

Ci(t=0={) co i>= 1 (7)

where CO is the initial cell seeding density (in singlets/
mm2).

For the lymphocyte systems studied in our laboratory,
dissociation of aggregates was only observed on addition of
an antagonist. In a few cases we observed the "ejection" of
singlets from the aggregates, but this was a very rare event
(e.g., approximately five cells might separate from aggre-
gates over a typical 10-h experiment). In no experiments did
we observe the breakup of a fully formed aggregate into two
smaller aggregates, each containing more than one cell. For
this reason, the third and fourth breakup terms in Eq. 6 have
been dropped for all of the simulation results presented in
this paper. However, the modeling equations can easily
account for disaggregation in systems where such phenom-
ena are important.

The aggregation rate constants

Solution of the above system of equations requires that we
estimate the aggregation rate constants. Basic collision the-
ory principles were combined with experimental observa-
tions to develop an expression for the rate constant for
aggregate formation, kij. It is affected by two important
factors: 1) the rate of collision, Zij, between aggregating
species of size i and j and 2) the sticking probability, Pii
(i.e., the probability that the two clumps will adhere on
collision). In analogy with collision theory, we define the
rate coefficient kernel as

k,jC,Cj = ZijPij. (8)

The collision frequency, Zij, depends on the rate at which
the aggregating species diffuse on the well surface, their
concentration, and their cross-sectional area during colli-
sion. The sticking probability, Pij, is dependent on the
nature of the adhesion molecules and antibodies mediating

contact time between the aggregates during collision. For
the lymphocyte systems discussed here, the avidity of acti-
vated cells was so high that most collisions resulted in
adhesion. Under the conditions used for these experiments,
we did not observe a dependency of the sticking probability
on aggregate size, and in the subsequent discussion we will
assume that Pij is independent of aggregate size. This as-

sumption, however, can easily be relaxed.

Cell-cell and cell-aggregate collision frequencies

The collision frequency, Zij, of cells migrating on a two-
dimensional surface was found by adapting Smoluchow-
ski's flocculation theory (Smoluchowski, 1917; Chan-
drasekhar, 1943; Overbeek, 1952). This theory is based on

the fact that all aggregates of size i have a cylindrical region
of influence of radius Rij surrounding them. If any other
aggregate with radius R. comes within this region, the two
will bind to form a single aggregate. The radius Rii is the
sum of the radius of the two individual aggregates (Ri + Rj).

Consider a simple case in which a stationary cell is fixed
at the origin of a large area in which similar cells are

uniformly distributed at a concentration CO at time t = 0.
TIhe cells migrate on the surface, and when any of them
enters this fixed cylindrical region of influence around the
stationary cell with radius Rij, it is "absorbed." We are

interested in the flux of cells into this shell, because it will
give us an expression for the collision frequency. The
change in the cell concentration, C, in this field at any time
t is found by solving Fick's diffusion equation:

-= DV2C,
at

(9)

where D is the random motility coefficient of the cells in the
uniform environment. If the experiment is carried out in a

circular culture area of radius b, the initial and boundary
conditions are

C=CO att= 0 and Irl >Ri
C=0 att>0 andr=Rij (10)

aC/dr = 0 at t > 0 and r = b.

For these boundary conditions, the solution of the diffu-
sion equation (presented by Eq. 11 below) gives the time

and coordinate dependence of C (Carslaw and Jaeger, 1959;
Adam and Delbruick, 1968):

C(r, t) = Cowi 2 [J(k)]2 [J )]2 e&DynXo(r, yn),

(1 1)

where

XO(r, yn) = Yo(Y.rIb)Jo(kY.) - JO(y.r/b)YO(kyn). (12)

function, their concentration during cell activation, and the
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the positive roots of

Jo(ky)Y1(y) - Yo(ky)Jj(y) = 0

and

Ri + R
k = Ri/b = b '

Larger aggregates with more than three cells, however, form
multilayered aggregates. The effective radius, Ri, of an

(13) aggregate of size i (i > 3) is based on the stacking index (3
(Eq. 1). It is given by

Ri= I + i/s
RI l

'+|(l,
(14)

i = 1

i>3.
(18)

The flux into the cylindrical region at r = Rii is a measure
of the total number of collisions that would take place with
a stationary cell placed at the center of the well.

ac
Flux, J = 2IraD -r3r=j

(15)

=4C '7D E [J(n] -Dy't/b2
n=D [J0(kYn)2 - [J(V)]2

More generally, let us consider two types of aggregates of
size i and j with random motility coefficients Di and Dj.
Since the motion of the aggregates is completely indepen-
dent of each other, the effective random motility coefficient
Djj is

Dij = Di + Dj. (16)

The number of collisions between the aggregates of size
i and j, both diffusing in the uniform environment, follows
immediately from Eq. 15 (Overbeek, 1952). The collision
kernel evaluated by this approach is

00

[JI(Yn]2
kijCi[Cj=4JE (ky)]2 - [J-(y)]2 eDiYnIPij.

n=l J(Y) J(n]

(17)

The kinetic rate constant for aggregation depends on the
effective radius of collision (Rij), the random motility coef-
ficient of aggregates of size i (Di), and the sticking proba-
bility (Pij). The following sections focus on developing
mathematical expressions for these parameters.

Effective radius of collision

The aggregate radius is an important parameter because it
influences the effective radius of collision Rij and, conse-
quently, the collision frequency (Eq. 17). The radii Ri of the
aggregates were calculated after correcting for their non-
spherical shape. Our experiments with homotypic lympho-
cyte aggregation (Neelamegham et al., 1996) have shown
that aggregates have morphologies that range from flat
planar clumps with negligible vertical stacking to large,
tightly packed aggregates with considerable vertical cell
stacking (Fig. 1). Thus the effective radius of an aggregate
depends not only on the number of cells it contains, but also
on the extent of multilayered stacking.

Simple geometric arguments were applied to evaluate the
effective collision radii of doublets and triplets (Eq. 18).

Random motility coefficient of cells and
cell aggregates

The random motility coefficients of cells and cell aggre-
gates affect the rate of aggregation by influencing the col-
lision frequency in Eq. 17. This coefficient can be measured
experimentally for single cells by tracking the motion of the
cells in a uniform environment under the light microscopy
setup and by applying the persistent random-walk model
(Dunn and Brown, 1987; Stokes et al., 1991) as described in
the Experimental Methods section. Once this measurement
is obtained, the "elementary force balance approach" pro-
posed by Lauffenburger (1989) gives us a convenient
way to estimate the random motility coefficients of cell
aggregates.
The motion of cells has been described as a three-step

process (Lauffenburger, 1989). During the first step there is
a lamellipodium extension at the leading edge. This is
followed by a second step in which the cell-substrate at-
tachment at the anterior end causes a contractile force in the
cell. Cell translocation requires an asymmetry in the cell-
substrate interactions between the lamellipodium extension
and the rear of the cell (DiMilla et al., 1991). This asym-
metry may be caused by differences in the spatial distribu-
tion of cell surface adhesion receptors (Bretscher, 1984), or
by spatial variations of cell receptor-ligand affinities be-
tween the front and the rear of the cell (Grinnell, 1986). As
a result of this asymmetry in cell-substrate interactions,
cell-substrate bonds at the posterior of the cell are being
broken in preference to the bonds at the anterior, thus
resulting in a net forward movement. If we model the
motion of a cell as a continuous single-step process, the
time-averaged force balance can be written (Lauffenburger,
1989) as

Fdrag + Fc, -F = O, (19)
where F1 is the contractile force acting on the lamellipodia
that pulls the cells in the forward direction; FC-S is the force
due to cell-substrate attachment, which opposes this motion;
and Fdag is the "frictional drag" due to the surrounding
fluid. Because cell motion is slow and on a small length
scale, one may assume a linear Stokes' resistance (Fdrag =
drag coefficient X cell speed) from the surrounding fluid.
At low Reynolds numbers, the drag coefficient for a cell
with radius R moving with a velocity v in a medium of
viscosity ,u can be approximated by

Fdrag = 6 rrRv. (20)
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If we now use the subscript 1 to denote the properties of a
single cell, the velocity v1 of a single cell can be found by
eliminating the frictional drag force from Eqs. 19 and 20:

1
VI = 6pR1(Fe), - F s).

The ratio of Bessel functions in Eq. 23 is only a function
of the aggregate sizes i, j and of the radius b of the culture
area. If we denote this ratio by g(i, j, b), the dimensionless
model equation is

(21) dC*
a

dt*
The force balance approach is extended in the Appendix

to derive an expression for the random motility coefficient
of cell aggregates. As shown in Eq. A15, the random
motility coefficient Di of cell aggregates is a function of the
random motility coefficient DI of single cells, the stacking
index ,B, and the force asymmetry factor 4, defined as

4 = (F1)I/(Fc_s)I.

The factor 4 is based on the properties of a single cell and
expresses the ratio of the contractile forces acting on the
lamellipodium to induce locomotion over the cell-substrate
adhesion forces at the rear of the cell that resist cell motion.
Thus the asymmetry factor 4 is analogous to the parameter
qf, which DiMilla et al. (1991) used to describe the ratio of
the uropodal to lamellipodal adhesivity. Whereas qi is the
ratio of the intrinsic dissociation rates of bonds at the rear
and front of the cell, 4 is the ratio of the forces acting on the
two ends. The force asymmetry factor provides a method-
ology by which we can scale up the behavior of single cells
to predict the motility characteristics of larger aggregate. As
shown in the Appendix (Eq. A15), 4 is an important param-
eter of the function describing the dependence of random
motility coefficient of aggregates Di on aggregate size i (see
also Fig. 4). For a cell to be motile, the motility ratio must
exceed unity and the random motility coefficient of large
cell aggregates increases with increasing values of 4.

Normalized form of the model equations

We now define normalized species concentrations Ci* and
time t* as well as four parameter groups to de-dimension-
alize the ordinary differential equations of Eq. 6 describing
the transient behavior of our aggregation system:

1 i-l ( o

= I 4rD* jCjCj*P* E g(i-j, j, b)e7D inJt*Y)
j=l n=l

No-i x00

- > 41TD*.C*jCjP*M >:E g(i, j, b)eD,t*YA J
j=l n=l

(24)

i= 1,2,3...No
for j23.N

j = 2, 3 . .. No

RESULTS AND DISCUSSION

Data analysis

The aggregation model was solved by numerically integrat-
ing the system of ordinary differential equations (Eq. 24)
using the Runge-Kutta-Fehlberg (4, 5) algorithm (Fehlberg,
1970; Shampine et al., 1976). At each time point, the
numerical solution of Eq. 24 gives the concentration of cell
aggregates containing k cells, Ck, where k = 1, 2, .... No.
From these data we first compute the cumulative size dis-
tribution given by

' k(CkAt)
Xi= 0

k=l No
(25)

where Xi is the fraction of the cells associated with aggre-
gates containing at most i cells. Our simulations start with
nonaggregated cells, and thus the initial size distribution is
a step function:

Xi = 1, for i = 1, 2, . .., N. (26)

ci
I co

PiipJPp*_
Pi

D*=Dlt k=
2 PUi-P D-

* = ,
I

a=CoP lb2

Substituting these parameters into the collision kernel in Eq.
17, we obtain

kijC3CJ = 4rDjjCjCr
n

[JO(kYn)]2 -[JI(Yn)]2

As aggregates of various sizes are formed, the cumulative
size distribution curve widens and their mean moves to
larger aggregate sizes. Fig. 2 a shows the temporal evolu-
tion of the cumulative size distribution curves obtained by
integrating a system of 600 equations. All other parameter
values are given in Table 1. As aggregation proceeds, these
curves shift toward larger sizes, but the rate at which large
aggregates form slows down. Although large aggregates
sweep more area than small aggregates, aggregate motility
decreases with size, resulting in fewer collisions and dimin-
ishing formation rates. Another reason for the decreasing
aggregate formation rates is the disappearance of highly
motile species. The model predicts that the number of
nonaggregated cells or even aggregates with few cells de-
creases rapidly with time.
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TABLE 1 Reference values for aggregation
model parameters

Number of equations No = 200
Force asymmetry factor ( = 30
Seeding density CO = 1700 cells/mm2
Stacking index = 0.45
Radius of single cell R = 6.5 ,um
Binding probability P1j = 0.83 for all i and]
Random motility coeff. D= 1,038 ,m2/h
Radius of experimental well b = 2877 Am

3.2

FIGURE 2 Aggregate size distributions. (a) Cumulative size distribution
curves predicted by the aggregation model at various time points (0.5 h,
7.5 h, 12 h, 24 h, 36 h). Aggregate sizes are normalized with respect to the
total number No of equations solved (No = 600). All other model parameter
values are given in Table 1. (b) Size distribution curves predicted by the
aggregation model at various time points (0.5 h, 7.5 h, 12 h, 24 h, 36 h).
All model parameter values are given in Table 1, except No = 600. (c)
Quartile value plot comparing simulations solved with a total of 200
equations (dashed lines) and 600 equations (solid lines) show the temporal
evolution of Ql, Q2, and Q3. For these runs the dimensionless time t* was
given by 1.254 x 10-4 X t.

By differentiating the cumulative distribution curves, the
size distribution curves of Fig. 2 b are obtained. Thirty
minutes after the start of the experiment, the size distribu-
tion has a very narrow and tall peak, as most of the aggre-
gates are still very small. As larger aggregates form, the size
distribution spreads out and its maximum height decreases
(see distribution at 7.5 h). Whereas the height of the size
distribution falls rapidly at the start of the experiment, the
aggregation process slows down because of the decreasing
rates of formation of large aggregates.
The kinetics of aggregate formation may also be moni-

tored in terms of the quartile values Q1, Q2, and Q3 of the
cumulative size distribution. Fig. 2 c shows the evolution of
the quartile values for the simulation shown in Fig. 2, a and
b. By plotting Q1, Q2, and Q3 versus time, we can follow in
one plot 1) the average aggregate size given by the Q2 curve
and 2) the width of the aggregate size distribution given by
the interquartile distance (Q3 - Q1)/Q2.

Effect of system parameters on predicted
aggregation kinetics

The following is a list of the main model parameters:
At: Surface area of the two-dimensional closed system

(i.e., bottom of tissue culture well) where cell aggregation
takes place (ILm2).

No: Number of cells placed initially in the system.
,3: Stacking index quantifying the vertical stacking in the

cell aggregates (dimensionless). It can be measured by
homotypic aggregation experiments.

D1: Random motility coefficient of single cells ('um2/h).
It can be measured by independent motility experiments as
described in the Experimental Methods section.

(: Force asymmetry factor (dimensionless). This param-
eter describes the dependence of motility on aggregate size
and can be determined by independent motility experiments
using Eq. A15 and measurements of cell and aggregate
random motility coefficients as demonstrated in Fig. 4.

Pij: Sticking probability, i.e., the probability that aggre-
gates of size i andj will adhere on collision (dimensionless).
The Pij's depend on the nature of the cell system being
studied and the activation protocol employed. It can be
easily measured experimentally under the conditions of the
aggregation experiment, by identifying cell-cell collision
events and calculating the fraction of these collisions that
lead to adhesion.
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Clearly, the area where aggregation takes place and the
initial number of cells are known for all experiments. The
remaining four parameters (,(3, D1, 4, and Pij) can be mea-
sured by independent motility and adhesion experiments for
each cell system and activation protocol. Thus the model
developed here provides a tool by which we can predict the
aggregation behavior of cell populations.
A systematic analysis was carried out to determine the

effect of the model parameters on aggregation kinetics. Fig.
2 c demonstrates the effect of the total number No of
equations solved on model predictions. Both runs shown in
Fig. 2 c start with the same cell density. The simulation with
600 equations is carried out in an area three times larger
than the area used for the simulation with 200 equations.
Model predictions show very similar aggregation patterns
for up to 12 h (note that the dimensionless time is defined
here by t* = (Dl/b2) * t = 1.25 X 10-4 * t). At longer
times, however, the model predictions are significantly dif-
ferent, because only the simulation with 600 equations
allows the formation of aggregates having more than 200
cells. The experimental data presented in this paper monitor
cellular aggregation for 8-10 h after activation. We found
that a system with 200 equations was sufficient for com-
paring simulation predictions with experimental results.
The effect of force asymmetry factor, 4, on the temporal

evolution of the average aggregate size, Q2 (i.e., the mean of
the aggregate size distribution) is shown in Fig. 3 a. In-
creasing the value of 4 did not affect the initial aggregation
kinetics when most of the cells were singlets or small
aggregates. At longer times, however, the average aggregate
size markedly increased with larger force asymmetry fac-
tors. For small values of 4, the larger aggregates were less
motile and, consequently, the frequency of cell-cell colli-
sions is lower and the quartile curves become flat at a
smaller time point.
The sticking probability and the cell seeding density

affect the aggregation kinetics in a similar fashion by alter-
ing the dimensionless number a in Eq. 22. In the range that
we tested the model, a appeared to be an important model
parameter, and doubling its value causes the average aggre-
gate size to decrease by 50% (Fig. 3 b). The model can thus
be used as a useful tool to normalize the results from runs of
homotypic aggregation experiments that were carried out at
different cell seeding densities.
As expected, the predicted aggregation rates accelerated

when the random motility diffusion coefficient, DI, was
increased (Fig. 3 c). In contrast to Fig. 3 b, however, the
relationship between the random motility coefficient and the
average aggregate size was not linear. The average aggre-
gate size increased more rapidly with increasing DI when
the value of the motility coefficient was low. At higher
values of the random motility coefficient, the average ag-
gregate size became less sensitive to changes in DI. This is
because the singlets and other small motile species disap-
pear more rapidly when the random motility coefficient
is high, leading to a rapid decrease in the frequency of
collisions.
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Cellular Aggregation Model

The stacking index and the experimental well radius b
had very little effect on aggregation kinetics. Changing the
stacking index from 0.0 (no cell stacking and consequently
a larger collision radius) to 0.6 (compact aggregates with
large vertical stacking) caused a decrease of less than 10%
in the average aggregate size (data not shown). Similarly,
doubling the well radius b caused a -2% change in the
average quartile value predicted (data not shown). Appar-
ently the kinetics of aggregation are independent of the
culture well radius b, and edge effects are negligible when
the well radius is larger than 2877 ,um (i.e., the radius of a

96-well plate).
Previous studies have speculated that not all cells have

the same adhesion properties and that nonadhesive sub-
populations of cells exist. These subpopulations may affect
the kinetics of aggregation, as shown in Table 2. On de-
creasing the fraction of the adhesive cells in our system, we
observe a larger decrease in the Q1 and Q2 values as

compared to Q3. Thus the width (Q3 - Q )1Q2 of the
aggregate size distribution is larger in the presence of non-

adhesive subpopulations, as compared to the distribution for
cells with uniform adhesive properties (Table 2).

In summary, the singlet random motility coefficient D1,
the sticking probability Pij, and the cell seeding density C0
appear to be the important model parameters affecting the
average aggregate size without changing the width of the
aggregate size distribution. The width of the aggregate size
distribution is determined by the nature of the cell system
being studied and by the presence of cell subpopulations
with different adhesive characteristics.

Comparison with experimental results

Homotypic aggregation of Jurkat cells was induced by the
addition of monoclonal antibody to the integrin 33B6 as

described earlier (Neelamegham et al., 1996). Induction of
aggregation by this antibody is temperature dependent and
requires ATP, divalent cations, and an intact cytoskeleton
(Bednarczyk and McIntyre, 1990; Campanero et al., 1990;
van de Wiel-van Kemenade et al., 1992). These require-
ments indicate that the observed aggregation is an active
process rather than passive agglutination, where cells are

cross-linked via bivalent antibodies. Such agglutination pro-

cesses do not require energy and are not temperature de-
pendent (Segal and Stephany, 1984).
The random motility coefficient of aggregates Di depends

primarily on two parameters: the force asymmetry factor,
and the random motility coefficient of singlets, DI. Whereas

TABLE 2 Effect of cell adhesiveness on the spread of the
aggregate size distribution

Fraction of Width of the aggregate size Average aggregate

adhering cells distribution size, cells

1.0 1.05 61
0.9 1.2 51
0.8 1.66 41

depends on the cell type being studied, the random mo-
tility coefficient of singlets varies with the cell activation
protocol and other experimental conditions. On activation
with anti-P31 antibody 33B6, the locomotion speed and root-
mean-square speed of the cells decreased in comparison
with a control experiment in which the cells were treated
with OKT-11 mAb (Table 3). Although the persistence of
cells treated with OKT-11 was not significantly different
from that of cells activated with 33B6, the changes in the
root-mean-square speed resulted in a dramatic decrease in
the random motility coefficient of cells activated with 33B6
mAb (see Table 3).
As previously mentioned, the force asymmetry factor is

a scale-up parameter used to predict the random motility
coefficient of cell aggregates from the behavior of single
cells. Fig. 4 presents the change in the motility coefficients
of aggregates predicted by Eq. A15 as a function of force
asymmetry factor and aggregate size i and compares them
to experimental measurements. Almost all the experimental
data quantifying the locomotion rates of Jurkat cell aggre-
gates are consistent with an average value of the force
asymmetry factor equal to 30. Only the motility coeffi-
cient of the smallest aggregates with sizes between 20 and
40 cells was lower than that of larger aggregates. We
attribute this behavior to the existence of subpopulation(s)
of nonmotile cells that appear to have a lower force asym-

metry factor, 4. In our experiments with Jurkat cells, we

found that 10% of the aggregates remained stationary, and
the size of most of these nonmotile species was in the
20-40 cell range. We expect that the nonmotile aggregates
will have a smaller size, because they experience fewer cell
collisions. Although a small subpopulation of cells may
have a lower force asymmetry factor, an average value of
= 30 appears to provide an adequate description of the

motility characteristics of a majority of the aggregates, and
this will be the value used in subsequent comparisons with
experimental data.

Fig. 5 a shows the aggregation kinetics for three runs

carried out with the same number of cells but with different
aggregation areas, resulting in different initial cell seeding
densities. As expected, the runs with higher densities
showed faster kinetics of aggregation. Simulation results
agreed well with experimental measurements carried out

TABLE 3 Effect of antibody addition on cell motility

Control mAb, Anti-3,B mAb,
Parameter OKT- 1I 33B6*

Number of cells observed 39 48
Avg. locomotion speed (,um/h)§ 87.1 ± 11.6 52.1 ± 6.1
Root mean square speed (,nm/h)# 63.4 ± 5.0 34.1 ± 1.7
Persistence time (min)# 26.5 ± 4.6 31.9 ± 3.7
Random motility coefficient (tLm2h-') 885.1 307.9

*Concentration of anti-,31 mAb, 33B6, corresponds to 80% site occupancy.
#Parameter values are reported with the asymptotic standard errors, which
were calculated using the nonlinear regression procedure NLIN in SAS
6.07.02.
*Locomotion speed is reported along with SEM.
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FIGURE 4 Force asymmetry factor. Predicted and measured random
motility coefficients for cell aggregates are plotted as a function of aggre-
gate size i for various values of the force asymmetry factor {. Open circles
represent experimentally measured average random motility coefficients
for aggregates in a given 20-cell size interval. Aggregates were grouped
into intervals according to their size (20-40 cells, 40-60 cells, . . . 100-
120 cells), and the average random motility coefficient in each of these
intervals was computed. Error bars represent SEM.

with Jurkat cells activated by mAb 33B6 (corresponding to
80% site occupancy) at the same cell densities. Results
indicate that in the range in which the experiments were
performed, the average aggregate size increased linearly
with increasing cell seeding densities.

Because the independent motility experiments were per-
formed in media containing CMC, corrections were re-
quired for the increased drag, which resists cell motion
under these conditions. To test the effect of increasing
media viscosity on cell motility, CMC was added to the
media at varying concentrations, and the random motility
coefficient was measured as described in the Experimental
Methods section. Upon increasing the media viscosity from
2.19 to 3.69 and 6.49 centipoise, the random motility coef-
ficient decreased from 729 to 671 and 334 ,/m2/h, respec-
tively. These results confirm the hypothesis that the drag
force experienced by the cells increased with increasing
viscosity. For the sake of simplicity, we assumed that this
relationship was linear, following Stokes' law (Eq. 20).
Based on these studies, the random motility coefficient of
cells cultured in regular media (not containing CMC) was
estimated at 1038 pkm2/h for cells activated with 33B6 mAb
and 2983 tLm2/h for cells on addition of OKT-1 1. These are
the values of random motility coefficient used in the simu-
lations (Table 1). To further test this modeling assumption,
we performed aggregation experiments in media whose
viscosity was increased through the addition of CMC. Fig.
5 b shows the effect of viscosity on the aggregation kinetics
of Jurkat cells activated with 33B6. Increasing the media
viscosity from 1.32 to 3.19 centipoise dramatically reduced
the aggregation rate. We estimated that the higher viscosity
decreased the random motility coefficient of Jurkat cells
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FIGURE 5 System parameters and rates of aggregation kinetics. (a)
Experimental measurements (symbols) are compared to simulation predic-
tions (lines) to determine the effect of cell seeding density on aggregation
kinetics of Jurkat cells activated with 33B6. The concentration of 33B6
mAb corresponded to 80% site occupancy and the sticking probability Pi,
was 0.97. (b) Effect of media viscosity on aggregation kinetics. Media
viscosity was increased from 1.32 to 3.19 centipoise by addition of CMC,
and the aggregation kinetics of Jurkat cells activated with 33B6 (80%
occupancy) was monitored. For the model simulations (lines), DI for the
higher viscosity media was set to 178 jum2/h, and P,j was 0.97. All other
parameter values are given in Table 1.

activated with 33B6 (corresponding to 80% site occupancy)
from 1038 to 178 ,Am2/h as predicted by Stokes' law. This
causes a -5.8-fold decrease in the cell collision frequency
and a consequent decrease in the rate of aggregation kinet-
ics. As shown in Fig. 5 b, model predictions agreed well
with the experimental results.

Fig. 6 compares the experimental and theoretical size
distribution data at several time points for a typical exper-
iment with Jurkat cells activated by mAb 33B6 correspond-
ing to 30% site occupancy. To obtain the experimental data
presented in these plots, we followed the aggregation kinet-
ics of 3400 cells per digitized image. The stacking index

0

Of w w | *.| * *I * X * *" ..;-l

. _-

i . . . . .

60 Biophysical Joumal

I..........1111...1

4=100
.......................................... 4=30

4=10

......



Cellular Aggregation Model

b
0.5 hours~~~~~~~~~~~~~~~~~....... - ..

..

.. .i.i

.

AgrgtiSii ze cells

.N

t
LL

z

3 hours
1.2

a
0

(3at
N

E
0)

0.6

0.t

0.4

0.2

C
6 hou

IL

.N'

a0

a
;E
co
0

Aoggegt S cel

Aggregate Size, cells

Jurkat / 33B6

2- d - ** _

x Experiment 0.5 hr.
0 Experiment 3 hr.

. Experiment 6 hr.
4 Experiment 10 hr.

(;/2 Model - 0.5 hr.

2- -------- Model - 3 hr.
Model - 6 hr.

--Model - 10 hr.

0 50 100 150 200
Normalized Aggregate Size

Jurkat / 33B6

Time, hr.

FIGURE 6 Aggregation kinetics of Jurkat cells incubated with 33B6. Jurkat cells were incubated with 33B6 at concentrations corresponding to 30% site
occupancy, and their aggregation kinetics were monitored. Experimental data were compared with simulation predictions. All model parameters are given
in Table 1. (a) Aggregate size distributions data at 0.5, 3, 6, and 10 h. The histograms represent the experimental results, and the smooth lines represent
model predictions. (b) Cumulative size distributions at 0.5, 3, 6, and 10 h. (c) Experimental quartile data (symbols) are compared with model predictions
(smooth lines). Error bars represent SEMs from three experiments.

was experimentally determined to be 0.45. The parameter
values for these runs are listed in Table 1.

In the size distribution plots (Fig. 6 a) for Jurkat cells
activated with 33B6, we observed a large number of singlets
and small aggregates at 0.5 h. However, aggregation pro-
ceeded rapidly, leading to the formation of larger aggre-
gates. Ten hours after the start of the experiment, the aver-
age aggregate size was about 60 cells, and several
aggregates contained over 100 cells. The model did a very
good job in predicting both the statistics of the aggregation
population (Fig. 6, a and b) and the aggregation kinetics in
the quartile plots (Fig. 6 c). The sticking probability for
these simulations was 0.83, revealing that a very large
fraction of the cell-cell collisions resulted in an adhesion
event.

Fig. 7 compares the experimental results with simulation
predictions when mAb OKT1 1 was added to the Jurkat
cells. This mAb is a control antibody that does not induce
aggregation of Jurkat cells beyond the level of spontaneous
aggregation seen in the absence of any antibody. The ran-
dom motility coefficient of the singlet for this simulation
was 2983 ,im2/h, and the stacking index was equal to 0.1.
The sticking probability estimated for this simulation was
low (Pii = 0.07), indicating that only a small fraction of the

collisions resulted in adhesion. This demonstrates that ag-
gregation kinetics is not only dependent on the rate of
cell-cell collision, but also on the increased cell avidity as a
result of cell activation. Although there is good agreement
between the model and experimental data, indicating that
the model is capable of capturing the features of the process
even at very low avidity, we should note that the model
predicts the complete disappearance of singlets, doublets,
and smaller aggregates after a few hours. The experimental
data, however, reveal that a fraction of the cells remain as
singlets throughout the experiment, especially when the
cells are not activated (Fig. 7). When nonadhesive cell
subpopulations are present, therefore, the model will over-
estimate the Q, quartile values that are strongly affected by
the presence of singlets and small aggregates.

Fig. 8 compares experimental results with model predic-
tions to study the effect of mAb 33B6 dosage on aggrega-
tion kinetics. Simulations were performed in which the
sticking probability Pij was varied while keeping all other
model parameters the same as in Table 1. In the absence of
any antibody, the rate of aggregation was small and was
limited by the sticking probability Pij (Pij = 0.07 in this
case). On addition of 33B6 corresponding to 8% site occu-
pancy, the sticking probability increased to 0.5, implying
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FIGURE 7 Aggregation kinetics of Jurkat cells incubated with OKT-1 1.
Comparison of model predictions (lines) with experimental quartile values
(symbols) for Jurkat cells incubated with the control antibody OKT- 1 at a
dilution of 1:500. Error bars represent SEM from three runs. For these
experiments, Pij = 0.07.

that the rate of aggregation was now controlled by both the
random motility coefficient of the Jurkat cells and the
sticking probability. Beyond mAb 33B6 concentrations cor-
responding to 30% occupancy, the sticking probability was
greater than 0.83, and nearly all collisions resulted in adhe-
sion. Here, aggregation kinetics was limited by the random
motility coefficient of the cells. These results are consistent
with our hypothesis that cell adhesion induced by antibodies
to the I,3 integrin is a receptor-mediated phenomenon and
that the avidity between the cells can be modulated by the
dosage of 33B6 (Neelamegham et al., 1996). This hypoth-
esis is also supported by our time-lapsed video observa-
tions, which showed that the binding efficiency reached its
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FIGURE 8 Effect of mAb dosage. Jurkat cells were incubated with
various dosages of 33B6 (0%, 8%, 30%, 80% site occupancy), and the
experimental results were fit to the model by changing the sticking prob-
ability Pii. All other parameters are the same as in Table 1. Error bars
represent SEMs from three experiments.

maximum at 30% 33B6 site occupancy, where most colli-
sions resulted in adhesion between the colliding species.

CONCLUDING REMARKS

The aggregation model presented here was able to accu-
rately describe the temporal evolution patterns of the aggre-
gate size distribution for several experimental conditions. It
allowed us to analyze aggregation processes in terms of two
groups of physical parameters: those describing the motility
characteristics of cells or cell aggregates and those quanti-
fying the adhesiveness or binding efficiency of cells. The
model can also correct homotypic aggregation data for
differences in initial cell densities among experiments, a
common problem faced by immunologists working with
this assay. Because cell motility can be independently quan-
tified with direct measurements, the model can be used as a
tool to evaluate the adhesiveness of activated cells using
data from simple homotypic aggregation experiments per-
formed under static conditions. Used in conjunction with
currently available quantitative aggregation assays (Munn et
al., 1993; Neelamegham et al., 1996; Neelamegham and
Zygourakis, in press), this model has the potential to be-
come a valuable tool for analysis of cell adhesion.

APPENDIX

Based on the "elementary force balance" approach, the velocity of cells and
cell aggregates can be described in terms of the lamellipodia and cell-
substrate adhesive forces (Eq. 21). Using the subscript 1 to denote singlets,
the singlet velocity v1 is

1
VI = 6nR1(Fe), - (Fc-s,)). (Al)

In this paper the force balance approach was extended to predict the
velocities and random motility coefficients of larger cell aggregates. For
both the singlets and for larger aggregates, the force due to cell-substrate
attachment is proportional to the number of bonds of attachment between
the cell and the substrate. Assuming that receptor redistribution on the
surface of the cells as a result of aggregate formation is not significant, this
force is proportional to the surface area of contact between the aggregate
and the substrate. Therefore, the force of attachment for a clump of i cells
(i > 3), (Fc-)j, as compared to the force of attachment of a singlet, (Fc-,)1,
is given by

(FC)i = i(l -P)(Fc-j) (A2)

The lamellipodia force of an aggregate is the vector sum of the lamel-
lipodia forces of the individual cells comprising the base of the aggregate.
Because the cells behave independently of each other, the net lamellipodia
force of an aggregate with i' cells at its base is

(F1)if = (F1) 1st cell + (Fl)2nd cell +.. . . . . (Fl)i'th cell (A3)

For example, in the case of doublets, the net force in the lamellipodia
can be calculated by the vector summation of the forces of two cells:

(F1)2 = (Fl)lstcell + (Fl)2nd cell (A4)

If H is the angle between the two forces, the expected value of the net
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force (F1)2 averaged over all possible values of 0 is

(F)2= |'f( 1 + cos 0) dO = 1.27(F1)i. (A5)

The net force between the cell and the substrate that resists motion
doubles because the area of contact is twice that of a singlet. Substituting
the individual forces into Eq. 21, we find an expression for the velocity of
a doublet,

V2 = 6 R (1.27(F1)1 - 2(Fc-s)). (A6)

Dividing Eq. A6 by Eq. Al,

V2 _ R1(1.27(F1)1 - 2(Fc-s)) (A7)
v-R (F1)1 - (F ~)1 (A7)

Applying the expression in Eq. 18 and substituting in the above equa-
tion, we get

V2 = (I + 2/12)( -1 2) (A8)

( is called the force asymmetry factor. It is the ratio of the lamellipodia
force to the cell-substrate adhesion force in a single cell. This ratio allows
us to vary the dependence of motility on aggregate size in accordance with
experimental observations. The higher the value of (, the larger the random
motility coefficient of cell aggregates. The velocity of an aggregate with
three cells based on a similar analysis is

V3 = I + 317T)( - ). (A9)

The velocity expression for larger clumps (i > 3) is more complicated.
Only the cells at the base of the aggregate contribute toward cell motion in
these large, multilayered aggregates. Therefore, in a clump with i cells,
i(l - 3) cells contribute to the lamellipodia force. Let us denote i(l -B)
by i'. The net lamellipodia force in a clump with i' cells touching the
substrate is the vector sum of the forces of the net force in a clump of size
(i' - 1) and a singlet. The net lamellipodia forces of an aggregate with i'
cells at its base equals the lamellipodia force of a singlet, (F1)1 times a
constant qi, (Eq. A 10):

(F1)i =qjFj)

= 1 fT I I((F1)1 + q11(F1)Icos 0)2 + (qj,_1(F1),sin 0)2 dO
0

(A10)

and

2lyr
qi = 1 + qif_l + 2qi,1cos Od0. (All)

0

Eq. All can be evaluated recursively with q1 = 1 when i' = 1. Thus we
derive an expression for the velocity of a clump with i cells (i > 3):

vi = v(I ( il SI) for i > 3. (A12)

Collating the expressions for the velocity of cell aggregates (Eqs. A6,

A9, A12):

I( +2/X)( -2-- ) for i = 2

v;= (1 )( V- 3) fori = 3, (A13)
1 /qiT - i(l-0

V i ( -(- ) ) for i> 3

where

l2,f

qi = 2,1 f 1 + qi_l + 2qi,-1cos 0 dO and q = 1.

(A14)

The persistent random-walk model states that the random motility
coefficient D is proportional to the square of the cell velocity v (Eq. 4)
(Dunn and Brown, 1987; Stokes et al., 1991). As a first approximation, we
assume that the persistence P of the aggregates is invariant with size. Thus
from Eqs. A13 we derive an expression for the random motility coefficient
for aggregates, Di:

1.27 - 2 12
DI, ~~fori= 2
{ + 2/vr)((-1

f 1.47 - 3 '2
Di =|Dio / (-) for i = 3. (A15)

(Il 3hr- ) }~-1
DI ~~~~for i>3
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