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ollective migration, from migrating cells in tissue (1–3) to
swarming insects (4) to ﬂocks of birds (5) and pedestrians in
heavy trafﬁc (6), constitutes one of the most fascinating spectacles
in nature. In addition to its aesthetic qualities, social cell migration
is involved in embryonic development (7), wound healing (8), and
immune response (9), and unregulated migration leads to disease,
including cancer metastasis (10). Previous work on single-cell
migration has focused on isolated (11–20) or strongly polarized
and aligning (21, 22) cell types, mostly using population-averaged
bulk assays (23) or simple observations in a social context (2, 3).
However, strongly cross-correlated cell motion and collective
substrate deformation has been found to arise in mechanically
interlinked cells transmitting forces through both cell–cell linkages
and the substrate (24–29). These studies revealed useful information on cell migration, but because in general the relevant
interactions in a social context and their relative importance are
not established, migratory behavior of cells in a social context
remains as one of the major unresolved problems in biology (30).
Furthermore, striking social effects such as highly sensitive collective responses in a number of sensing systems [e.g., quorum
sensing (31, 32) and onset of collective behavior in Dictyostelium
discoideum (33)] mediated by increased levels of cell-secreted
signals in higher cell density indicate that mechanical links are not
necessary for collective behavior. At the subcellular level, many
types of nonswimming motile cells involved in multicellular biology [e.g., ﬁbroblasts, Dictyostelium, and neutrophils (13, 14, 16–
18)] have been found to transmit traction force to the substrate by
intracellularly polymerizing their cytoskeletons in dynamically
formed membrane protrusions known as pseudopodia. However,
whether the social context changes this, mechanisms by which the
social context manifests itself, and the implications of being close
to neighboring cells all remain unexplored.
Here we shed light on these fundamental questions using a
combination of high-throughput microﬂuidic cell culture (34) of
3T3 ﬁbroblast cells expressing ﬂuorescent fusion proteins, timelapse microscopy with subcellular resolution, and physical modeling (SI Appendix, Materials and Methods and Model Details).
Contrary to previous work (22, 24–26, 29), these cells form neither
www.pnas.org/cgi/doi/10.1073/pnas.1204291110

2D sheets nor 3D structures, nor are they highly polarized, and
their single-cell migratory behavior is established (13, 14, 16). The
microﬂuidic cell culture platform hosts independent and isolated
culture conditions in each of the isolated 96 polymethylsiloxane
(PDMS) chambers (34-nL volume) that mimic physiological conditions more plausibly than traditional cell-culture environments in
which concentrations of, for instance, secreted signaling molecules
are diluted into large volumes of surrounding ﬂuid. Using only
freshly thawed cells, we cultured them at densities ranging from 15
to ∼100% conﬂuence in up to 24 parallel chambers at a time; more
than 8,000 cells were quantiﬁed, yielding hundreds of thousands of
data points from a total of only ﬁve experimental runs. Experiments on any given density were repeated at least once on different chips, and we studied different densities in parallel on each
chip (SI Appendix, Table S1). We replaced the chamber volume at
time t = 0, sealed the chamber using the microﬂuidic membrane
valves, and imaged the cells every 4–6 min for 5–6 h, focusing on a
region of ∼500 μm × 700 μm in the center of the chamber to avoid
edge effects, which contained a population consisting of between
36 and 246 cells [corresponding to an average minimum nucleus–
nucleus distance dmin in the range of approximately one to three
cell diameters, which on average is 41.7 μm (SI Appendix, Fig.
S12A)]. Using different ﬂuorescent fusion proteins to image the
nuclei (green) and cytosols (red) (Fig. 1A) coupled with high imaging resolution allowed us to track single-cell migration behavior
and pseudopodia, producing a very comprehensive dataset; such
detailed quantitative measurements of single-cell behavior are
emerging as a strong tool for studying biological systems, as recently exempliﬁed for cell cycle stability (35) and inﬂammatory
signaling (36).
Results
Quantitative Cell Migration Characteristics. Our measurements reveal the migration characteristics of cells at different densities.
Although all cells move (Fig. 1A and SI Appendix, Fig. S2 and Table
S2 and Movie S1) with no preferred overall direction (SI Appendix,
Fig. S3), we ﬁnd large diversity with negligible cross-correlation in
the migratory behavior of the cells at the same density (Figs. 1 and
2E and SI Appendix, Fig. S2): Some cells move along almost
straight lines, other follow curved paths, and yet others traverse
very short distances with little apparent directionality (Fig. 1B).
This continuum of different migratory behaviors, which is very
different from the stereotyped single-cell behavior found for isolated cells (11, 13, 14), suggests that there is a strong effect of the
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In multicellular organisms and complex ecosystems, cells migrate in a
social context. Whereas this is essential for the basic processes of life,
the inﬂuence of neighboring cells on the individual remains poorly
understood. Previous work on isolated cells has observed a stereotypical migratory behavior characterized by short-time directional persistence with long-time random movement. We discovered a much
richer dynamic in the social context, with signiﬁcant variations in
directionality, displacement, and speed, which are all modulated by
local cell density. We developed a mathematical model based on the
experimentally identiﬁed “cellular trafﬁc rules” and basic physics
that revealed that these emergent behaviors are caused by the interplay of single-cell properties and intercellular interactions, the
latter being dominated by a pseudopod formation bias mediated
by secreted chemicals and pseudopod collapse following collisions.
The model demonstrates how aspects of complex biology can be
explained by simple rules of physics and constitutes a rapid test bed
for future studies of collective migration of individual cells.

BIOPHYSICS AND
COMPUTATIONAL BIOLOGY

Edited by Robert H. Austin, Princeton University, Princeton, NJ, and approved November 15, 2012 (received for review March 13, 2012)

A

B

Pseudopodia

Fig. 1. Trajectories of the cells generated during the ﬁrst 200 min of an
experiment. (A) Trajectories (yellow) displayed on top of the ﬂuorescence
image illustrating the different fusion proteins used for the cytosols (red)
and nuclei (green). (B) Trajectories can be nominally straight, curve, or display little apparent directionality. The vectorial sum of the pseudopodia of
the cell (marked by red in insets) predicts the observed movement, because
each pseudopod applies nominally the same force (20).

social context on the migration of the individual, even in the
absence of cell–cell linkages (24–26). To fully understand this effect, including whether it is due to inherent cell–cell motility variations or is an emergent group property, we quantiﬁed all aspects
of the migration using a number of cooperating statistical measures that together fully characterize the migration.
We ﬁrst focus on an experiment at intermediate cell density
ðdmin = 91:1 μmÞ to introduce our statistical measures and illustrate our key ﬁndings. The speed of the individual cell ﬂuctuates
substantially as a function of time (Fig. 2A Inset) with similar
single-cell speed distributions (Fig. 2A), and the average single-cell
distribution from one experiment displays a distinct non-Gaussian
tail (Fig. 2B) that has previously been shown to be a general feature of non-sheet-forming motile cells (37). The existence of
similar non-Gaussian single-cell speed distributions suggests by
the central limit theorem that each cell does not have an inherent
velocity scale, but rather that cell speed is a dependent variable.
The simultaneous observations of ﬂuctuating single-cell speed and
cell velocity being a dependent variable is consistent with pseudopodia-driven motility (SI Appendix).
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To quantify the variations in total space sampled by the individuals we introduce the “maximum path distance” (MPD), deﬁned as
the maximum distance between any two points on the trajectory of
the individual cell. This measure, which is equivalent to the span
dimension of polymer physics (38), displayed large variations across
the population, with large and small MPD values corresponding to
cells moving nominally straight and cells that displace themselves
small distances, respectively (MPD is nontrivially related to variations in single-cell trajectory curvature).
The observed variations in trajectories could be caused by a
relative lack of collisions; however, we observed cells moving
nominally straight even though they were in direct contact with
other cells, as well as cells without direct contact with other cells
displaying little long-term directionality (Movie S1). This indicates that collisions are not solely responsible for the variations
in migratory behavior, and so to further investigate this single-cell
directionality, we compute the directional autocorrelation of the
cellular trajectories using the unit vectors in the direction of instantaneous velocity (SI Appendix, Eq. S3 and Fig. 2D). This
measure describes the average alignment of the direction of motion of the same cell over time and therefore measures the persistence of the direction of motion. Using the unit vectors in the
direction of instantaneous velocity as opposed to the velocity
vectors themselves removes any bias from the ﬂuctuating speed
and sets the range from 0 (no correlation) to 1 (complete correlation). The chamber-mean directional autocorrelation, which is
representative of the majority of the cells (outliers only nominally
affect the mean because the kurtosis is everywhere low; SI Appendix, Fig. S5), shows that the instantaneous step taken by each
cell is positively correlated with the previous steps (Fig. 2D). The
ﬁrst sharp drop-off between the ﬁrst and second time points occurs
because changes in directionality are measured only every 4–6
min, and the rest of the data are well described by a decaying
exponential ϕe−τlag =τp . Here, the persistence time of directionality
τp and the weight ϕ (varying from 0 to 1) describe, respectively, the
time for the average cell to randomize its direction and the extent
of directional motion in the chamber, with higher values of ϕ indicating a larger fraction of directionally persistent cells. For the
present experiment we found ϕ = 0.46 and τp = 69 min.
Varying the cell density, we continue to observe straight-moving
cells at all densities (Fig. 2E) even though each cell at intermediate
and high densities experiences many collisions (and the ratio of
cell surface area to total available chamber area is around 0.8 at all
times; SI Appendix). The fraction of directionally persistent cells
decreases at higher densities, but the persistence time of the individual cells remains essentially constant. This is illustrated by the
decrease of the weight ϕ and the constancy of persistence time of
directionality τp in Fig. 2 F and G. The average single-cell speed
distribution is also independent of density, and this is well-ﬁtted by
generalized extreme value (GEV) distribution, which forms a
natural parameterization (Fig. 2H; example ﬁt shown in Fig. 2B).
Both our measurements of speed distribution and the low-density
limit of the directional autocorrelation agree with previous results
for human ﬁbroblasts (11) (the latter indicated by dashed lines in
Fig. 2 F–H; compare with SI Appendix, Fig. S4). These ﬁndings
indicate that the observed directionality does not depend on the
ﬂuctuating speed of the single cell, and the small variations in τp
both within and across densities suggests that the directional
persistence of motion, unlike cell speed and trajectory, is an inherent property of the cell’s motility apparatus (i.e., internal polarization). Furthermore, the convergence of all our statistical
measures to the level of isolated cells at dmin ≈ 120 μm determines
the critical density where the social context becomes important.
Pseudopod Formation and Lifetime Is Affected by Social Context. We
veriﬁed that the cell migration in the social context is also mediated by pseudopodia (Fig. 1B and Movie S2), and so to probe the
origin of the diverse cellular migratory behavior we therefore next
Vedel et al.
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Fig. 2. Experimental observations of cell migration and pseudopodia. (A) Single-cell speed distribution, with inset showing speed vs. time for four single cells. (B)
Average single-cell speed distribution (blue; error bars indicate SD) is well ﬁtted by a generalized extreme value (GEV) distribution characterized by the location
parameter m, the scale parameter s, and the shape parameter ξ. (C) Population distribution of single-cell maximum path distance (MPD). (D) Chamber-average
directional autocorrelation (blue circles) and ﬁt (orange line). Also shown are single-cell autocorrelations from two sample cells moving nominally straight (lines).
The SD of the distribution decays from ±0.20 min close to τlag = 0 to ± = 0.01 at τlag = 200 min (SI Appendix, Fig. S5). (E–H) Effect of density on collective cellular
migration; dashed lines in F–H indicate results for isolated cells extracted from ref. 11 (compare with SI Appendix, Fig. S4). (E) Examples of trajectories (compare
with SI Appendix, Fig. S2) and (F) the corresponding average directional autocorrelations that follow the same exponential decay (Inset). (G) Weight ϕ and
persistence time τp from least squares ﬁts of average directional autocorrelations to ϕ e−τlag =τp as a function of the average minimum nucleus-nucleus distance d min
in the chamber showing that persistence time τp is not affected by the changing density whereas the weight factor ϕ decreases due to higher collision rate. (H)
Location m, scale s, and shape ξ from least squares ﬁts of average single-cell speed distributions to the GEV distribution remains constant across densities. (I) Time
periods of contact for colliding cell pairs (combined for all densities) is heavily dominated by short times, and the distribution is independent of cell density (SI
Appendix, Fig. S8A). Also shown are the actual trajectories of two colliding cells (blue and green), with red arrows indicating direction of motion. (J) Pseudopod
formation angle Δα with the current direction of motion (pooled across densities) shows a clear a clear preference of pseudopod formation in the current direction of motion, although pseudopodia are observed to form at all angles. This distribution is independent of cell density (SI Appendix, Fig. S8C). (K) Position
and angle of pseudopod formation Δθ in relation to the nearest neighbor cell. At time t = 0, the entire volume of the microﬂuidic chamber is replaced with fresh
media, effectively removing any chemokine background and allowing new chemokine gradients to be established (see schematic to the right). The cells overwhelmingly move to the nearest neighbor during the ﬁrst 20 min after media replacement but only mildly so (and only when the nearest neighbor is very close)
after 60 min, indicating that secreted chemokines induce pseudopod formation (SI Appendix).

investigated their pseudopodia. Colliding pseudopodia of different cells transiently remain in contact before they collapse (39) in
a process known as contact inhibition of locomotion (2) (Movie
S3), which is presumably achieved by locally depolymerizing the
actin cytoskeleton with associated cessation of the local force. The
distribution of contact times is strongly dominated by short times
Vedel et al.
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and exhibits no dependence of density (Fig. 2I and SI Appendix,
Fig. S8A). We found a distribution of pseudopod lifetimes with
a mean of 11.8 min (SI Appendix, Fig. S6A), so the directional
persistence of ∼50 min indicated by the autocorrelation analysis
(Fig. 2 D and G) can only be maintained by the cells through ordered pseudopod formation. Further investigations indicated that
PNAS Early Edition | 3 of 6

pseudopod formation is dominated by independent biases by the
current direction of motion (Fig. 2J) and chemicals (chemokine)
secreted by the cells (Fig. 2K and SI Appendix, Table S2). Evidence
of the former was found by computing the angle between the
current cellular direction of motion and the position of pseudopod formation (Fig. 2J), which displayed a clear bias for the
present direction of motion that is probably mediated by an internal polarization of key molecules (40), whereas evidence for
the latter was found by studying the inﬂuence of neighbor cells in
biasing pseudopod formation: Pseudopodia formed exclusively
toward the nearest neighbor cell during the ﬁrst 20 min after
medium replacement (Fig. 2K Upper), but much less so when the
analysis was redone starting 60 min after replacement (except
when the neighbor is very close; Fig. 2K Lower). The effect was
reproduced following additional media replacements in separate
control experiments (SI Appendix, Fig. S9). Because these cells
both posses chemotactic ability and furthermore are known to
secrete some chemokines (SI Appendix), this effect is most likely
caused by one or several secreted chemokine(s), as evidenced by
the decrease of the response at later times except very close to
neighbors and corroborated by the fact that most chemokine
molecules have diffusivities on the order 10−10 m2· s−1, which sets
the time scale for chamber ﬁlling to ∼40 min. In other words, the
secreted chemokines will have saturated the chamber by 40 min,
effectively reducing chemokine gradient depths and the signal-tonoise ratio of chemokine receptor activity. Moreover, the constant
base level of pseudopod formation observed in our investigation
of directional bias (Fig. 2J) further illustrates the existence of an
additional and independent pseudopod formation biasing system
that on average is independent of the current direction of motion,
and therefore is likely achieved by the chemokine bias. Although
we did observe new pseudopods arising from splitting of existing
pseudopodia, similar to the predominant origin of pseudopods
observed in isolated cells (14), this was found to be secondary to
the biased de novo formation of pseudopods just described (SI
Appendix, Fig. S7). These observations indicate that the motile
apparatus of the individual cell is centered around maintaining
a certain direction through an internally controlled pseudopod
formation bias (polarization), and that being in a social context
introduces a second mechanism based on chemokine-mediated
biasing, similar to ﬁndings in a previous report for Dictyostelium
cells (41), as well as a higher frequency of pseudopod formation
due to collisions.
Physical Model. To investigate whether these observed trafﬁc rules
on the individual cell level indeed do cause the very varied collective motion we observed, we formulated an agent-based mathematical model using the simplest physically reasonable assumptions
for the motion of the individual cell based on three types of input:
(i) our own pseudopod observations, (ii) previous experimental
studies on chemotaxis of isolated cells, and (iii) Newton’s second
law of particle motion (SI Appendix, Model Details). This model,
which can be considered an extension of the Vicsek model (21, 22,
42), exploits known cellular biophysics to simulate our experiments
with a few hundred cells, a regime that is inaccessible to continuum
modeling (43, 44). Model cells (Fig. 3A) dynamically form pseudopodia that each apply a force Fi of constant magnitude Fo radially
away from the nucleus. In a time interval Δt the resultant force
moves the cell a distance Δx, or equivalently imparts a velocity v =
Δx/Δt given by
X
Fi ;
[1]
γv =
i

where γ is a friction coefﬁcient assumed to be identical for all
model cells. Pseudopod formation is biased by the current direction of motion and a spatiotemporal ﬁeld of chemokine
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concentration secreted by all cells. We use biased stochastic
pseudopod activation because of the large thermal ﬂuctuations
in the low concentrations of intra- and extracellular chemicals.
Touching pseudopodia of colliding cells collapse, and their local
forces stop because of contact inhibition of locomotion. We furthermore assume chemokine secretion is identical for all cells; that
force, collision times, and chemokine response function is the
same for all pseudopodia; and that this function is a Hill function
of the local relative chemokine concentration (Fig. 3C). All model
parameters are determined either directly from the data (such as
Fig. 2 I and J) or from reported literature results, except for the cell
friction coefﬁcient γ, of which no reliable measurements exist. We
determined γ from the ensemble average of velocity distribution
data by ﬁtting one simulation to one experiment; having determined this single parameter the model predicts all statistical
aspects of the collective motion. This is shown below through a
number of statistical tests. Although simpler theoretical models
have been presented in the past with the objective of investigating
certain traits of the collective migration phenomena (21, 22, 37,
42–45), none of these models is able to simultaneously account for
a wide variety of the migration data such as ours, and our model
thus provides one of the simplest ways of incorporating all of our
observations in a physically transparent formulation.
Comparison with Experiments. The model results are summarized in
Fig. 3 and demonstrate quantitative agreement with the experiments in terms of single-cell speeds (Fig. 3 D and E), trajectories
(Fig. 3 B and G), and directionality (Fig. 3F), thereby verifying our
experimentally derived hypotheses of the role of the social interactions on motility (SI Appendix, Fig. S10 and Movie S4). The
model quantitatively reproduces across cell densities—with a single
value of γ—that the individual cells have the same nonnormal
speed distribution (Fig. 3D) with an average that is similar to the
experimental average (Fig. 3E); the exponentially decaying autocorrelation (Fig. 3F) including the changes in the weight factor ϕ,
indicating the importance of the social interactions; and both the
shape and range of the distribution of maximum path distances
(Fig. 3G). The model also predicts the existence of cells moving
along almost straight lines for the entire experiment (Fig. 3B) and
the maximum path distance for these cells [largest single-cell
measurements of maximum path distances are the same for model
and experiment Fig. 3G)], but it does underpredict the ratio of
these cells, as indicated by smaller tail of model predictions in Fig.
3G. In addition, the model value of γ = 39 kg·s−1 is in fair agreement with an estimate of γ ≈ 29 kg·s−1 extracted from ref. 20 but is
roughly one order of magnitude greater than an estimate from
endothelial cells and a Dictyostelium slug (46) (SI Appendix). Although the model captures many features of our single-cell microscopy data, it falls short of perfectly reproducing the tail of the
speed distribution (Fig. 3 D and E and SI Appendix, Fig. S11), likely
because of the assumption of identical and time-independent
pseudopod forces (SI Appendix). The model furthermore also does
not precisely capture the exact shape of the average directional
autocorrelations (Fig. 3F), indicating that directional persistence is
likely achieved through a more complex machinery than is assumed
in the model.

Discussion
The agreement of model predictions with experimental data for all
of the emergent properties presented in Fig. 3 suggests that the
subprocesses included in the model govern the motility. We
therefore arrive at the following explanations for our observations:
The dynamically changing positions of pseudopodia cause large
ﬂuctuations in speed at all densities, whereas directional persistence is achieved primarily by the directional bias of pseudopod
formation but heavily inﬂuenced by both collisions and the secreted chemokine. The cells at low density are effectively isolated
as they rarely collide and the nominally isotropic chemokine ﬁeld
Vedel et al.
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illustrate that model cells reliably respond to gradients above 0.002 μm·m−1, as experimentally observed by Melvin et al. (16). The simulation was repeated 20
times for a single cell at each gradient level and error bars indicate SD. (D) Single-cell speed distributions (compare with Fig. 2A). (E) Average single-cell speed
distribution, showing excellent agreement with experiments. (F) Chamber-averaged directional autocorrelation and one single-cell autocorrelation from
a cell moving nominally straight (compare with Fig. 2D; compare with SI Appendix, Fig. S5. (G) Population distribution of maximum path distance (blue,
experiment; red, model). (H and I) Model results across densities with the latter expressed by the average minimum cell-cell distance d min (red, model; blue,
experiment). (H) Weight ϕ and persistence time τp for the ﬁt to ϕe−τlag =τp . (I) Location parameter m and scale parameter s in ﬁt of average speed distribution to
a GEV distribution. The shape parameter ξ (SI Appendix, Fig. S11), describing the tail of the distribution, is not well captured by the model because it
underpredicts this part of the speed distribution, as seen in E.

therefore has little inﬂuence on the positions of new pseudopodia,
whereas high collision rates at high densities lead to constant
randomization of pseudopodia positions and low ϕ. At any density,
straight-moving cells execute this motile behavior because their
lateral pseudopodia are more often suppressed by lateral collisions
with other cells or abruptly changing, large chemokine gradients.
Cells displaying little overall directionality constantly have their
direction of motion cut off, leading to many collisions, whereas
curling cells experience few collisions and/or a clear and slowly
moving chemokine bias. The observed continuum of different
trajectories is therefore a direct consequence of the ﬂuctuating
near-cell environment and is no more surprising than similar
observations of very varied trajectories of many interacting bodies
obeying Newtonian mechanics. The model thus provides a comprehensible description of social cell migration that captures all of
the complexity formulated in terms of biophysically well-deﬁned
single-cell quantities and, furthermore, illustrates how very complex biological behavior emerges from simple interaction rules.
Contrary to several other cell types, such as keratocytes (22),
3T3 ﬁbroblast cells do not exhibit large-scale multicellular organization such as ﬂocking (21). Fibroblasts deviate from these
ﬂocking cell types by not having strong local alignment of the
Vedel et al.
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the neighboring cells on single-cell migration is highly relevant at
physiological conditions. Within a population, the high collision
rate continuously randomizes the directionality of the individual
cells, so that on average there will always be cells moving away
from the population. In the presence of an external signal, some of
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will reliably move up the gradient, with the directional persistence
providing the initial stabilization of the movement away from the
population. This mechanism provides a directionally isotropic and
fast sensor of external signals for the population, even though the
single-cell polarizations vary and single-cell realignment with the
external signal would occur on the time scale of directional persistence (τp). Whereas this social effect is fundamentally different
from ﬂocking and other social effects such as quorum sensing, it is
another example of how nature achieves group-level dynamics of
ignorant individuals for biological function beyond the control of
the individuals by simply modulating the signal at the level of the
individual through increased cell density. This mechanism could
be a general biological principle underlying emerging population
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behavior, yet the underpinnings, limits, and consequences remain
to be investigated.
In summary, our investigations of social cell migration for thousands of cells at different densities have revealed a diverse migratory
behavior that is largely controlled by the changing environment:
Whereas the single cell tries to maintain its current direction of
motion through preferentially forming pseudopodia in this direction, secreted chemokine-induced pseudopod formation along
with collisions lead to pseudopod collapse, resulting in much more
complex migratory behaviors than those reported for isolated
cells, even in the absence of cell–cell variations. A simple model
based on these observations quantitatively reproduces most migration behaviors across densities, including the existence of outliers, illustrating that these are the intercellular rules governing
migration. In addition to their biological signiﬁcance, our ﬁndings
illustrate how complex biological behavior arises as a physical
consequence of noisy single-cell behavior and interactions among
the individuals, open a path for the derivation of continuum theory, and illustrate the importance of single-cell data in understanding such behavior.

protein p65-DsRed under control of the endogenous mouse p65 promoter as
well as the nuclear marker H2B-GFP driven by the human ubiquitin C promoter. Cells were seeded at densities from 4,000−40,000 cells cm−2 (∼40—400
cells per chamber) into microﬂuidic chambers and the external conditions
were set to standard culture conditions [5% (vol/vol) CO2 and 37 °C external
temperature] and maintained at this level. To conduct the experiments we
replaced the chamber volume with fresh medium and sealed the chamber (the
cells remained in the same media during the entire experiment; some cells
were also exposed to TNF-α). The cells were imaged at a constant rate either
every 4 or 6 min in both GFP and DsRed ﬂuorescence channels during the
entire experiment (5–6 h). Details are given in SI Appendix, Materials
and Methods.
Automated Image Analysis. Automated image analysis algorithms used to
obtain cell trajectories and pseudopod statistics are detailed in SI Appendix,
Materials and Methods.
Model. Details of model development and implementation in MATLAB are
given in SI Appendix, Model Details.

Cell Line and Microﬂuidic Cell Culture Experiments. We used newly thawed
p65−/− mouse ﬁbroblast (3T3) cells expressing the cytosolic ﬂuorescent fusion
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Søren Vedel1 , Savaş Tay2 , Darius M. Johnston3 , Henrik Bruus1 , and Stephen R. Quake3
1

Department of Micro- and Nanotechnology, Technical University of Denmark,
DTU Nanotech building 345 B, DK-2800 Kongens Lyngby, Denmark
2
Department of Biosystems Science and Engineering, Swiss Federal Institute of Technology, ETH Zürich,
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I.

MATERIALS AND METHODS
A.

Cell lines

We used p65−/− mouse ﬁbroblast (3T3) cells expressing the cytosolic ﬂuorescent fusion protein p65-DsRed
under control of the endogenous mouse p65 promoter as
well as the nuclear marker H2B-GFP driven by the human ubiquitin C promoter. Both markers were created
using lentiviral systems [1]. After cloning, the cells were
frozen and newly thawed cells were used for each experiment to prevent 3T3 cell re-transformation and to minimize heterogeneity. The motility statistics of these cells
agree with single-cell statistics found in the literature,
e.g. [2].
B.

Microfluidic cell culture experiments

Cells were seeded at densities from 4,000−40,000 cells
cm−2 (∼ 40 − 400 cells per chamber) into microﬂuidic
chambers and were cultured for one day to reach 15-100%
conﬂuence before experiments. The external conditions
were set to standard culture conditions (5% CO2 and
37 ◦ C external temperature) and maintained at this level.
During cell growth, 33% of the chamber volume was replaced with fresh media (DMEM) every hour using the
nanolitre microﬂuidic pump, which resulted in vigorous
proliferation of 3T3 cells. We made sure that cells were
healthy, motile and proliferating before experiments.
We varied the cell density by precisely controlling the
cell counts in each chamber during automated seeding.
The cell counts were recorded at every time point during
experiments by taking pictures and counting the number
of GFP positive nuclei. This produced a well-controlled
cell density in the chambers during the entire experimental duration. In the analyses, we considered only a region
away from the chamber walls to avoid edge eﬀects, and
the number of cells in this region varies between chambers
of purportedly identical density. Nevertheless, the number of cells in each picture is counted using the nuclear
GFP signal and thus the numbers are exact. Therefore,
instead of binning the data based on expected seeding
density, we instead report the density-dependence of the
data based on the average minimum cell-cell distance of
all cells in a chamber over the entire experiment, dmin .

The microﬂuidic culture chip [3] allows the replacement of the entire culture media in less than a second,
which results in a step-like removal of all secreted signaling molecules. Once the media was ﬂowed in, the
chambers were sealed and were imaged at a constant rate
∆tsamp either every 4 or 6 min in both GFP and DsRed
ﬂuorescence channels during the entire experiment (5-6
hours). The cells remained in the same media during the
entire experiment. All cell densities were tested in parallel chambers, up to 24 diﬀerent microﬂuidic chambers at
a time.
Upon completing the trajectory analyses of the nonstimulated cells, we compared these results to cells of
the same cell line exposed to the inﬂammatory signaling molecule tumor necrosis factor (TNF)-α. We observed no diﬀerence in motility characteristics between
non-stimulated cells and cells exposed to TNFα in the
range 0.005 ng mL−1 to 100 ng mL−1 , see Fig. S1 (no
TNF indicated by blue, high TNF by orange) which plots
both the speed distribution and ﬁts of the average directional autocorrelation to the function ϕe−τlag /τp that was
also used in the main text. Since we furthermore did not
observe any variation in pseudopod statistics between the
two populations we included the cells exposed to TNFα
in the analysis.
In total we analyzed the motility of 8566 cells at various densities in 79 diﬀerent chambers using ﬁve diﬀerent
chips. Each density was repeated at least once (each experiment on diﬀerent chips) and the majority repeated
several times, see Table S1. Small variations in dmin between otherwise identical chambers are due to the ﬁnite
number of cells present in each chamber. We have presented the data according to the measured dmin rather
than binning, since the actual nearest-neighbor distance
is important due to the induction of pseudopods by secreted chemokine.

TABLE S1: Microﬂuidic experiments
Chip
1
2
3
4
5

Max. dmin
142.8 µm
89.7 µm
95.7 µm
143.9 µm
69.7 µm

Min. dmin
82.0 µm
72.0 µm
76.0 µm
61.8 µm
57.8 µm

Avg. dmin
103.0 µm
80.5 µm
84.8 µm
87.3 µm
63.7 µm

# of exp.
16
24
15
22
2

2

(a)

(b)

(c)

Speed

Avg. minimum necleus-nucleus distance

FIG. S1: Comparison between non-stimulated cells and cells exposed to the inﬂammatory signaling chemical TNFα shows no
eﬀect of the chemical. Each line in (a) and each circle in (b)-(c) is the average from one chamber. Non-stimulated cells are
given by blue (open circles in (b)-(c)), results from stimulated cells are assigned a color ranging from light blue (lowest dose,
0.005 ng mL−1 ) to orange (highest dose, 100 ng mL−1 ) in ten steps (0.005, 0.01, 0.025 0.05, 0.1, 0.25, 0.5, 1, 10 and 100 ng
mL−1 ). (a) Chamber speed distribution. (b)-(c) Persistence time τp and weight factor ϕ (see Fig. 2 in the main text).

Good and unambiguous resolution of the cytosol
boundaries are crucial for the correct detection of collisions and pseudopod dynamics (see below). We therefore compared the results of manual analysis of the pseudopodia of 10 non-stimulated cells to the results obtained
from the automated analysis (see below) applied to the
TNF-exposed data and found no variation. Given the
agreement of the motility characteristics and the large
range of TNFα investigated, we concluded that TNFα
does not inﬂuence the motility.

C.

Image analysis

To minimize human bias and errors we used automated
algorithms to analyze the large experimental data set.
Cells were imaged in both the GFP and DsRed channels
with a Leica DMI6000B microscope (20× air objective)
and Retiga-SRV CCD camera (Q Imaging) every 4-6 min
for several hours. To generate the coordinates of single cells, custom Matlab software using the Image Processing Toolbox was used to automatically identify the
nuclei centroid from H2B-GFP images as previously described [4]. To identify nuclear regions, H2B-GFP images
were local range contrast ﬁltered with a neighborhood of
three pixels and then thresholded, where the threshold
level was automatically determined by k-means clustering pixel intensities with k = 3. Touching or merged
nuclei (determined by solidity < 0.925) were then separated by a watershed transform with markers seeded at
k-means clustered centroids. Nuclei were then linked to
the nearest nuclei in the next time point and preliminary
quality control checked for constant nuclear area through
tracking. Cytoplasmic regions and p65-DsRed intensities
were extracted through a combination of local threshold-

ing and watershed transforms with the nuclei as marker
seeds. All cell tracking was manually checked to eliminate mistakes by the automated analysis.

1.

Cell trajectories and velocities

The centroid of the nucleus xi (tj ) = (xi , y i )tj was
used as the position of cell i at time tj = ∆tsamp j,
j = 0, 1, 2, .... Displacements ∆xi (tj ) and velocities
vi (tj ) were computed as
∆xi (tj )
.
∆tsamp
(S1)
The experimental noise in determining cellular position
was estimated to ∼20 nm following the arguments in [5],
with less than 0.2% of all recorded steps being below this
limit (mean displacement between images was ∼25 times
this limit). These small displacements were found dispersed between larger, admissible displacements for individual cells, with no correlation in time. Since the autocorrelation series of the cells that occasionally recorded
displacements close to the level of positional noise did
not show signiﬁcant deviations from cells with only admissible displacements, taken from the same chambers,
we concluded that all cell trajectories could be used without corrupting the conclusions.
∆xi (tj ) = xi (tj+1 ) − xi (tj ) and vi (tj ) =

2.

Collision and pseudopod analyses

Cell outline coordinates were obtained from each image
as the boundary of the cytosolic (p65-DsRed) region of
each cell. Contact was deﬁned as two pixels belonging
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to separate cells being within 2 pixel from each other,
and neighboring outline pixels in contact with the same
cell were grouped into regions and linked in time using
custom algorithms. For each region the times of contact
tj , j, ..., j + N were stored, and the contact time was
obtained as tj+N − tj−1 . Only contacts starting after the
ﬁrst image and contacts ceasing prior to the last image
in each series were used to ensure the entire lifetime of
the contact was imaged.
Pseudopodia were detected from the cell outlines using
a Matlab implementation of the automated algorithm
suggested by Bosgraaf and van Haastert [6], with small
modiﬁcations. A pseudopod is an outward extension
of the cell boundary, so following and edge-preserving
smoothing step which removes pixelation noise, the algorithm determines the convexity of each node of each cell
outline, with convexity ψn of node n deﬁned by
ψn = θn − 360/n − 180,

(S2)

where θn is the outer angle of the line segments pointing
from the node to its two neighbors. ψn > 0 indicates
convex (outward) and ψn < 0 indicates concave (inward)
deﬂection from the outline. Regions of convexity (neighboring points with ψn > 0) were for each cell linked in
time, and the tip of the region was at each time step
identiﬁed as the center node.
A pseudopod was deﬁned by at least 2 neighboring convex nodes, ∑
with the cumulative convexity of the neighboring nodes
ψn exceeding 10◦ and the mean convexity
gradient exceeding 4◦ µm−1 . Single concave nodes were
allowed in a convex region, and one time step of slight
concavity of a region was allowed if the same pseudopod
existed both before and after the concave time point.
While the algorithm was good at identifying pseudopodia, we found that it occasionally missed some, so each
analyzed cell was manually checked to avoid bias introduced by the algorithm. Pseudopodia protrude and exert
force for a period of time, before they collapse while providing little force. We computed the nucleus-tip distance
between successive time steps, and included only growing (increasing distance) or stagnant (constant distance)
pseudopodia in our analyses (Fig. 2 and Table I). Due
to the sampling time of ∆tsamp ≈ 5 min, some pseudopodia were present in only one image. Cell collisions
locally cause the pseudopodia to retract, so we neglected
all pseudopodia arising or dying at the times of collision.
Furthermore, to avoid bias in the pseudopod life time
analysis presented in Fig. S7(a), we ﬁrst manually tracked
pseudopod life times of ∼40 cells which did not collide
and found no pseudopodia existing for more than 80 min.
Next, using the automated analysis, we then obtained
pseudopod life times from 154 cells which each went at
least 80 min without colliding: within the collision-free
interval we measured the life times of all pseudopodia
starting at each time step. Finally, angles of pseudopod
formation ∆α in relation to direction of motion (Fig. 2(j)
and Fig. S7(b)) were computed between the current vectorial displacement ∆xi (tj ) (see Eq. (S1)) and the vector

connecting the nucleus tip and the pseudopod tip.

D.

Directional autocorrelation analysis

The vectorial directional autocorrelation of all cells is
computed using the unit vectors in the instantaneous direction of motion. For cell i at the lag τlag this directional
autocorrelation is given by
Ci (τlag ) = ⟨eij · eij+n ⟩,

(S3)

where eij and eij+n are the unit vectors in the direction
of motion of cell i (e.g. eij = vi (tj )/|vi (tj )|) at times
j∆tsamp and (j +n)∆tsamp , τlag is related to the sampling
time ∆tsamp by τlag = n∆tsamp , and the brackets denote
average over all times. Since we do not have inﬁnite time
series, the results in Figs. 2 and 3 in the main text has
been obtained from an unbiased estimate, similar to the
one used in [5].

II.

SUPPLEMENTARY DATA

We present here additional data to supplement the
ﬁndings presented in the paper. Table S2 lists all observations and model predictions.

A. Density dependence, isotropic cell movement
and convergence to isolated-cell migratory behavior

Figure S2 presents trajectories for four chambers supplementing the one set shown in the main text (Fig. 1(a)).
Excerpts of these ﬁgures are shown in Fig. 2(e) in the
main text. Figure S3 shows that there is no preferred
direction of motion of the cells in a chamber, so the direction taken by each cell is random, although the motion of each cell depends on previous times according
to Fig. 2(d), (f) and (g) in the main text. Figure S4
presents the speed distribution of isolated human ﬁbroblasts from Selmeczi et al. [2] (dashed red line), which has
been ﬁtted to the generalized extreme value distribution
to obtain the reference values presented as dashed black
lines in Fig. 2(h) in the main text; the blue bars in the
same ﬁgure shows our measurement.

B.

Non-Gaussian speed distributions and
pseudopodia-driven locomotion

The central limit theorem states that data from a large
number of independent and identically distributed random variables will be distributed according to the normal
distribution. If the random variables are not independent
and/or identically distributed, the result is not a Gaussian distribution. Thus, if we were to assume that each
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TABLE S2: Summary of all experimental observations and model predictions.
Pseudopodia
Pseudopod life times
Pseudopod life time and direction of motion
Single-cell
number
of
pseudopodia
Directional pseudopod bias
Local pseudopod formation bias
by other pseudopodia through
pseudopod splitting
Chemokine bias
Preferred direction of motion
Cell-cell collisions

Single-cell speed

Single-cell trajectories

Single-cell directionality

Cells moving nominally straight
during whole experiment

Single-cell speed

Single-cell trajectories

Single-cell directionality
Eﬀect of density

Experimental observations
Cells dynamically form these protrusions which apply traction
force to the substrate
Distributed with a mean of 11.8 min.
Same life time distributions found whether pseudopodia form
along or against the current direction of motion
Nominally constant over time for the individual cell, but variations among the cells
Pseudopodia formation is biased in the current direction of
motion
No evidence that this is dominating although we do observe it

Neighbor cells induce pseudopod formation by secreting a
pseudopod-inducing chemical (chemokine)
No preferred direction of motion of the cells in a chamber
Colliding cells transiently adhere to each other before the touching pseudopodia collapse, in a process known as contact inhibition of locomotion.
Fluctuating, but with similar distributions among cells indicating that all cells move. The average distribution is well ﬁtted
by a GEV distribution. Very similar across densities
Some are almost straight, other curl, yet other exhibit little apparent directionality. Fraction of cells moving nominally straight
decays at higher density
Chamber-average directional autocorrelation (which well represents the individual) decays exponentially (ϕe−τlag /τp ) on a time
scale of τp = 50 ± 11 min. The weight factor ϕ decays at higher
densities since a smaller fraction of cells move nominally straight
Present at all densities

Model predictions
Fluctuating with similar distributions among cells and all cells
moving. Average model speed distribution quantitatively reproduces experiment
Some are almost straight, other curl, yet other exhibit little apparent directionality. MPD distribution is in quantitative agreement with experiment, but fraction of cells moving nominally
straight is lower
Chamber-average well represents the individual, and this average agrees with experiment
Model quantitatively captures the experimental ﬁndings across
densities

cell had a certain inherent velocity scale, we would expect that a large number of isogenic cells would present
a Gaussian speed distribution. However, it is well-known
that our cells move by pseudopodia so cell speed is a not
independent variable, which is therefore not normally distributed since the conditions of the central limit theorem
are violated. Hence, the existence of the non-Gaussian
speed distribution illustrates that speed is not an independent variable.
Instead, our observation of ﬂuctuating speed and similar single-cell speed distributions are consistent with cell
speed being the result of pseudopodia-driven locomotion
with transient pseudopodia: Each time a new pseudo-

Fig. 1(b)
Fig. S6(a)
Fig. S6(b)
Fig. S6(c) and (d)
Fig. 2(j)
Fig. S7

Fig. 2(k)
Fig. S3
Fig. 2(i)

Fig. 2(a),(b) and (h)

Figs. 1 and 2(c) and
(e)
Fig. 2(d), (f) and (g),
and Fig. S5

Fig. 2(e) and Fig. S2

Fig. 3(d) and (e)

Figs. 3(b) and (g)

Fig. 3(f) and Fig. S5
Fig. 3(h) and (i)

pod forms, the cell speed is changed, causing the observed ﬂuctuations (Fig. 1(a) inset), while the fact that
pseudopodia “drive” the cell means that cell speed is a
dependent variable. The fact that similar average speeds
are found among the cells is the result of the relative
isotropic near-cell environment experienced on average,
and the fact that each cell only produces a limited number of pseudopodia (likely due to limited amounts of the
intracellular cytoskeletal components needed to form the
pseudopodia; Fig. S6(c)). This argument follows a similar argument regarding non-Gaussian traction force distributions in sheets of mechanically interlinked MadinDarby canine kidney epithelial cells [7].
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C.

Influence of outliers in chamber-averaged
directional autocorrelation functions

The directional autocorrelation series of the individual
cells in a chamber are not completely identical and consequently exhibit some variation, as shown by the nonnegligible standard deviation of the distribution of directional autocorrelations (Fig. S5(a)). The data is for the
experiment of Fig. 2(a)-(d) in the main text. Variations
are expected for any biological system, but the decisive
question is whether the outliers of the distribution significantly aﬀect the mean, i.e. whether the population mean
well represents the individual cell.
To investigate whether the chamber-average directional autocorrelation well represents the individual Ci
we computed the kurtosis κ(Ci ) of the distribution of Ci
at each lag time. The kurtosis measures the inﬂuence of
the outliers in deﬁning the mean, and the kurtosis of the
normal distribution is 3. We ﬁnd that the kurtosis of the
distribution of single-cell directional autocorrelations is
well described by the mean, since it is everywhere close
to 3, see lower panel in Fig. S5(b) where the dashed line
indicates κ = 3, the kurtosis of normal distribution.

D.

Relevance of “straight” trajectories: coverage
fraction of cell area to total chamber area

The straight trajectories found at all densities (see
Fig. 2(e), (f) and (h) as well as Fig. S2) are not just
a mere coincidence, but represent features of the dynamics of the cells’ migratory behavior. To support this, we
compute the coverage fraction of total cell surface area
to total chamber area.
The total area of investigation in a cell culture chamber
is
At = 500 µm × 700 µm = 3.5 × 10−7 m2 ,

(S4)

while the projected surface area of one cell (∼20 µm radius) is
Ac = π × (20 µm) = 1.2 × 10−9 m2 .
2

(S5)

We deﬁne the coverage fraction FN of N cells as
FN =

N Ac
,
At

(S6)

so since we have between 36 and 246 cells in the chambers, the coverage fraction varies from 0.12 (36 cells) to
0.84 (246 cells), while FN = 0.67 is found for 100 cells.
The fraction of available space for the cells to move on
is at any instant 1 − FN . Since all the cells move, and
we observe them over prolonged periods of time, it is
very unlikely by pure chance to ﬁnd the straight paths
as simply just a consequence of a relative lack of collisions. Furthermore, one ﬁnds several cells in Supplementary Movie 1 moving along nominally straight lines

even though they collide with other cells (even for some
head-on collisions). The existence of straight trajectories
at all densities emphasize that these trajectories do not
arise out of pure chance, but indeed reﬂect features of
the cell-cell interaction dynamics.

E.

Supplementary pseudopod statistics
1.

Pseudopod life times

Pseudopod life times are distributed with a mean of
⟨τpseud ⟩ = 11.8 min (Fig. S6(a)), and we ﬁnd no dependence on pseudopod life time on whether they form along
or against the current direction of motion (Fig. S6(b)),
expressed by the angle ∆α between the position of pseudopod formation and the current direction of motion (see
also the schematic in Fig. 2(j)).

2.

Single-cell number of pseudopodia

For the single cell, the number of pseudopodia as a
function of time (ν) exhibits only small variations about
a certain number (Fig. S6(c) inset), presumably due to
a limited amount of intracellular actin. For each cell we
take the mode number νm over time as the representative
single-cell number of pseudopodia, and the distribution of
these mode numbers varies between 1 and 7 (Fig. S6(c)).
To quantify the variations about these mode numbers we
deﬁne the standard variation about the mode number,
v
u
n
u 1 ∑
(νi − νm )2 .
(S7)
σ=t
n − 1 i=1
This measure is similar to the standard deviation, but
while the latter is computed with reference to the mean,
our measure is computed with reference to the mode
number. We show in Fig. S6(d) that for all cells the
standard variation about the cell-speciﬁc mode number
is small, with a mean variation of ⟨σ⟩ = 1.35 for the
154 cells presented in the ﬁgure.

3.

No local pseudopod formation bias by existing
pseudopodia

We did not ﬁnd any dominating dependence of the position of pseudopod formation on the presence of existing
pseudopodia, as reported for isolated cells [8]. To arrive
at this result, we computed the angle ∆β between the
position of formation and the nearest neighboring pseudopod. For completely random pseudopod formation,
we expect a pseudopod to be present on average every
360◦ /ν where ν is the current number of pseudopodia of
the cell, while a strong induction of existing pseudopodia
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on forming pseudopodia would lead to an angular diﬀerence independent of the number of existing pseudopodia.
Grouping the results based on ν, see Fig. S7, we ﬁnd the
most occurring positions of pseudopod formation coinciding with the angular distance ±360◦ /(2 ν) (indicated by
the dashed lines in the ﬁgure), indicating that no dominating relationship exists between the positions of established pseudopodia and the positions of formation for
new pseudopodia. This emphasizes the diﬀerences between being isolated and being in a social context. Since
we do ﬁnd signiﬁcant positive correlation between pseudopod formation and both current direction of motion
and secreted chemokines, we expect the variations are
due to these eﬀects and the limits set by ﬁnite statistics.

4.

Pseudopod statistics are independent of cell density

The variations across cell densities (mean±s.d.) of
pseudopod contact times during collisions (Fig. S8(a)),
pseudopod life times (Fig. S8(b)) and pseudopod formation relative to the current direction of motion
(Fig. S8(c)) suggests that these statistics are independent of cell density. In all three cases, the normalized
pooled data across cell densities agrees with the averages
taken over these densities, and the standard deviation
is low. We therefore conclude that these statistics are
independent of cell density.

F.

Supporting information for the hypothesis of
chemokine bias of pseudopod formation

We present here three independent lines of supporting
information for the hypothesis based on Fig. 2(k) that
one or more secreted chemokines induce pseudopod formation.
First, there is a large body of previous work documenting the chemotactic ability of ﬁbroblasts to several chemokines, e.g. [9–13], and another large body of
previous work establishing that the same cells secrete
various chemokines e.g. [14–17], which together support
the notion that these cells could secrete a chemoattractant. Taken together with the previous observations that
higher local levels of chemoattractant favor pseudopod
formation [9], this suggests that cell-secreted chemoattractants induce pseudopod formation.
Second, assuming that secreted chemokines do not contribute to pseudopod formation, in spite of this vast body
of literature, the most obvious other candidates for the
observations of preferred pseudopod-formation towards
the nearest neighbor cell presented in Fig. 2(k) in the
main text are [18]
(i) mechanical tension in the substrate applied by the
cells (mechanotaxis), or
(ii) the attachment of pseudopod-inducing molecules to
the substrate by either the cells themselves or as a

result of the microfabrication procedures (haptotaxis).
The cells are incubated in the chamber for one day prior
to media exchange and image acquisition, so the stress
ﬁeld in the substrate, which is sensed by cells in mechanotaxis, would not be expected to vary around ﬂushing;
our results in Fig. 2(k) therefore refute (i) as a possible explanation. Regarding (ii), if this was achieved by
cells attaching pseudopod-inducing molecules to the substrate, this alternative would imply that cells either preferentially follow each other, or that pseudopods more often form where another cell previously was. This is contrary to our observations. If it was achieved by signaling
molecules trapped during the fabrication procedure, we
would expect that cells either move along certain paths
in the chamber, or that they form pseudopods in speciﬁc directions when they are in speciﬁc positions in the
chamber. These options are also both contrary to our
observations. Finally, we would not expect any temporal dependence of a haptotactic response around ﬂushing,
which is of course contrary to our ﬁndings of Fig. 2(k).
Thus, we can safely disregard haptotaxis and mechanotaxis as signiﬁcant inducers of pseudopodia.
Third, we investigated the positions of pseudopod formation relative to the nearest neighbor cell for two independent experiments with complete media replacement
every 2 h. Focusing only on the ﬁrst 20 min following the
ﬁrst and second media replacement, we redid the analysis presented in Fig. 2(k). If our chemokine hypothesis is
true, we would expect new pseudopodia forming in any
20 min segment following any media replacement to have
small angle diﬀerences (∆θ ≈ 0) irrespectable of whether
this was the ﬁrst or second replacement. We show in
Fig. S9 that this is indeed the case for the two independent experiments (see also explanatory schematic in
Fig. 2(k)), with each column in the ﬁgure corresponding
to a diﬀerent experiment.
Taken together, these previously reported observations
and our own experimental ﬁndings strongly suggest that
a cell-secreted chemokine induce the formation of pseudopodia in the cells.

G.

Examples of model-predicted chemokine fields

Chemokine concentration ﬁeld predicted by the model
are given in Fig. S10, with panel (a) showing the
chemokine concentration ﬁeld for a low-density simulation and Fig. S10(b) taken from the same numerical experiment as shown in Fig. 3(b) and (d)-(g) in the main
text.

H.

Interpreting γ

The cell friction coeﬃcient γ is related to the energy
dissipated by the making and breaking of cell-substrate
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chemical bonds as the cell moves. Contrary to measurements of the strength of these bonds, the friction is rarely
determined experimentally, and the irregularity, softness
and general ignorance of the signiﬁcant molecular contributors of the cell attachment during migration makes
ﬁrst-principles theoretical analysis diﬃcult. A value of
γ ≈ 29 kg s−1 can be deduced from Munevar et al. [19]
by estimating the forward traction force from a traction
force map and using the stated average velocity. Similarly, and an order-of-magnitude estimate of the friction
per unit cell surface area of 109 kg s−1 m−2 by Larripa
and Mogilner [20] yields γ ≈ 1 kg s−1 for a cell of radius
20 µm. This is an order of magnitude lower than our
value of γ = 39 kg s−1 , but it should be borne in mind
that the value in [20] was estimated from the reported
work of others on endothelial cells and a Dictyostelium
slug.
However, these numbers are many orders of magnitude
greater than the viscous Stokes friction with the medium
γStokes = 6πηr

(S8)

of γStokes ≈ 4 × 10−7 kg s−1 , where η = 1.002 × 10−3 Pa
s is the viscosity of the liquid (assumed to be water)
and r ≈ 20 µm is the cell radius (Table S4). This is
not surprising since the molecular interactions with liquid
molecules is weaker than the interactions with attaching
polymers used by the cells.

I.

The tail of the speed distribution

Model speed distributions are ﬁtted to the generalized extreme value (GEV) distribution in Fig. 3 of the
main text, and Fig. S11 gives the ﬁtted shape parameter ξ across densities. The shape parameter indicates
the signiﬁcance of the tail in the GEV ﬁt of the speed
distribution, and Fig. S11 shows that the model underpredicts the value of ξ. Physically, this implies that the
model does not well capture the short burst of very high
speeds produced with low probability by the cells. The
overall agreement of the rest of the statistical measures
for both speed, directionality and total sampled space,
suggests that the model is nonetheless very capable of
describing the overall dynamics, and since furthermore
the model uses the experimental pseudopod statistics as
input, a misrepresentation of these statistics can also be
disregarded the source of the tail. Together, this suggests that the disagreement is likely due to the model
assumption of constant force over time of identical magnitude Fo applied by each pseudopod, which indeed is a
very naive picture of the dynamics of the molecular interactions causing the locomotion. Our model therefore
indicates that speed time-dependent and perhaps graded
pseudopod forces are found in real cells, but that these
subtleties only have nominal inﬂuence on the overall dynamics.

J.

Movies

Movie 1 The movement of cells at medium density in a
chamber during 200 min. The trajectories are given by
the yellow lines.
Movie 2 The positions and life times of the pseudopodia
change dynamically during the course of an experiment,
as illustrated for two cells. Pseudopodia are marked by
red circles, with arrows indicating the actual direction of
motion (green) and the direction of movement predicted
from the pseudopodia (red).
Movie 3 The cells exhibit contact inhibition of locomotion. Colliding cells (marked by green) transiently
remain in contact (for roughly 5.5 min, see Fig. 2(i)),
before they move away from each other, followed by
collapse of the touching pseudopodia of diﬀerent cells.
Movie 4 Illustration of model cell migration behavior.
Active membrane points are indicated by red dots, and
the trajectories of the cells are indicated by the blue lines.
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FIG. S2: Whole-chamber cell trajectories at four diﬀerent densities. Exerts are given in Fig. 2(e) in the main text, with the
exerts corresponding to the regions marked by red boxes. The average cell diameter is 41.7 µm (supplementary Fig. S12(a)),
and the average minimum cell-cell distance varies from 149 µm at the lowest density to 45 µm at the highest.

(a)

(b)

FIG. S3: The cell direction of motion is random, here illustrated by two diﬀerent means for a single chamber. (a) Histogram
of the instantaneous angle of motion relative to horizontal and (b) all trajectories shifted to the same starting position (initial
position x(t = 0) has been subtracted, each trajectory is randomly given one of ten diﬀerent colors) both conﬁrm the absence
of a preferred average direction of motion, within the limits of ﬁnite statistics.
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FIG. S4: Comparison of own speed distribution (blue bars) and the speed distribution of isolated human ﬁbroblasts extracted
from Selmeczi et al. [2]. The two distributions are in agreement.

FIG. S5: Distribution of single-cell directional autocorrelations in an experiment. (a) Standard deviation of the distribution of
single-cell directional autocorrelation functions shows some variation between the individual cells. The ﬁgure shows the result
for a representative experiment (same as in Fig. 2(a)-(d) in the main text, lin-log version given in the inset) where the standard
deviation decays from ±0.20 close to τlag = 0 min to ± = 0.01 at τlag = 200 min. (b) Kurtosis of the distribution of single-cell
directional autocorrelation functions. Top panel illustrate individual experimental chambers, while the bottom panel illustrates
the distribution for both model and experiment for the chamber presented in Figs. 2 and 3 in the main text. Dashed black
lines indicate 3, the kurtosis of the normal distribution.
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(b)

Avg. life time

(a)

Life time
(d)

Standard variation of
number of pseudopodia

(c)

Angle

Representative number
of pseudopodia per cell
FIG. S6: Supplementary pseudopod statistics. (a) Pseudopod life times with red line indicating mean. (b) Pseudopod life times
as function of the angle between the position of pseudopod formation and the current direction of motion. Red line indicates
the mean life time for all pseudopodia (it is the same red line as in (a)). (c) Number of pseudopodia per cell is roughly conserved
over time. Inset shows single-cell number of pseudopodia versus time and main panel gives the distribution of single-cell mode
numbers over time of pseudopodia. (d) The standard variation σ, see Eq. (S7), of the instantaneous number of pseudopodia
about the mode number of pseudopodia νm , computed for each cell, shows that the mode number is a representative measure
of the cell’s number of pseudopodia. The dashed black line gives the average for all cells in the ﬁgure, ⟨σ⟩ = 1.35.
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(a)
Δβ

(b)

(e)

(c)

(f)

(d)

(g)

Angle to nearest neighbor pseudopod
FIG. S7: The angle ∆β between a newly formed pseudopod and the closest neighbor pseudopod, grouped based on the number
of pseudopodia of the current cell. The distribution means and peaks correlate with the angular distance ±360◦ /(2 ν) expected
for pseudopodia randomly distributed along the perimeter and marked by the dashed lines in the ﬁgures. In each panel, N
marks the number of pseudopodia making up the distribution. (a) Cells with ν = 1 existing pseudopod (360◦ /2 = 180◦ and
coincide with the ﬁgure bounding box), (b) cells with ν = 2, (c) cells with ν = 3, (d) cells with ν = 4, (e) cells with ν = 5, (f)
cells with ν = 6 and (g) cells with ν = 7 existing pseudopodia.
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FIG. S8: Key pseudopod statistics are independent of cell density. (a) Duration of cell-cell contact time during collision. The
light blue shows the pooled data given in Fig. 2(i) normalized by the largest bin count, and the darker blue ﬁlled circles are
the averages across 34 independent experiments across densities (mean±s.d.). The very good agreement between the mean
across densities and the pooled data, along with the small standard deviations, indicate the independence of cell density. (b)
Distribution of pseudopod life times (compare to Fig. S6(a)) normalized similar to panel (a) and with light blue corresponding
to pooled data across densities and darker blue to averages (mean±s.d.) from 8 independent experiments across densities. The
agreement between the averages across densities and the pooled data, and the small errors again indicate an independence of
this statistics on cell density. (c) Dependence on cell density of the angle ∆α (compare to Fig. 2(j)) of pseudopod formation
relative to the current direction of motion. The chamber density (expressed in terms of dmin ) and the number of investigated
pseudopodia N is listed for each data point. A symmetric distribution favoring small angles is found at all densities (see
Fig. 2(j) in the main text) which at all instants is well ﬁtted by a Gaussian plus a constant baseline. This ﬁgure illustrates
the mean and standard deviation of the Gaussian term across cell densities, and illustrates that there is no dependence of
cell density. The dark grey line is the population mean across densities and the light gray region indicates the corresponding
standard deviation (taken from a similar ﬁt to the data in the main panel of Fig. 2(j)).
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Experiment 1

Experiment 2

FIG. S9: Supporting experimental evidence for the existence of a cell-secreted pseudopod-inducing chemokine. The heat maps
show histograms of the distances d and angle of pseudopod formation ∆θ relative to the nearest neighbor cell (see explanatory
schematic in Fig. 2(k)) during 20 min segments following media replacement for two independent experiments (shown in separate
columns) with complete media replacement every two hours, with light colors corresponding to high counts and dark colors to
low counts. The top row shows the result for following the ﬁrst media replacement, and the bottom row the results following
the second replacement, and for all cases the pseudopodia are distributed about ∆θ = 0 (similar to Fig. 2(k)), as we would
expect for a cell-secreted pseudopod-inducing chemokine.
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FIG. S10: Supplementary model predicted instantaneous
chemokine results not shown in the main text. (a) Instantaneous chemokine concentration ﬁeld from a low-density simulation. (b) Predicted chemokine concentration ﬁeld taken
from the same numerical experiment as shown in Fig. 3(b)
and (d)-(g) in the main text.

FIG. S11: Supplementary model speed distribution ﬁt (red
triangles) to experimental data (blue circles) of the shape parameter ξ of a generalized extreme value distribution across
densities. Location parameter m and scale parameter s of the
same ﬁts are given in Fig. 3(i) in the main text.
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III.

MODEL DETAILS

The model was developed to aid in the interpretation
of our experimental ﬁndings, and it was therefore crucial
to construct a physically transparent model. The basic premise of the model is therefore, that each cell can
be evaluated by Newtonian mechanics, as long as one is
careful in the implementation of the collisions and pseudopodia traction forces. Thus our model, which can be
considered as an extension of the Vicsek model [21–23],
not only exploits known cellular biophysics in a direct
and intuitive way contrary to the abstract thermodynamic ensemble averages of cellular Potts-type models
[24, 25], but also enables handling of the few hundreds
of cells per experiments - a mesoscale not suitable for
continuum modeling theory [26–28].
The model cells are two-dimensional idealizations consisting of a set of Nm points discretizing the cell membrane, which are connected through a center of mass.
The motion of this center of mass is taken as the motion
of the cell, with the membrane points each being allowed
to move in relation to the center of mass, in response to
pseudopod formation or collapse, cell-cell contact, etc., as
detailed in the following. The model assumes that each
cell secretes chemokines, which all other cells react to.
Cellular force transduction is achieved by forming pseudopodia through membrane point activation, and these
form preferentially in regions of high chemokine concentration and in the current direction of motion; the former
is achieved by biasing the probability of formation with
the local chemokine concentration.
The model contains a list of parameters, which in most
cases are determined directly from the experimental data
(parameters summarized in Table S4). Whenever possible, the simplest reasonable approach has been applied,
and Table S3 lists all assumptions underlying the model.
The model has been implemented in Matlab and this
implementation is freely available for download at http:
//sourceforge.net/projects/cell-migration/. The
ﬂow of the program at each time step is as follows, with
each part to be described in detail in the following
1. Activation of membrane points and pseudopod
growth for each cell. The time since membrane
point activation and pseudopod lengths are updated. This is detailed in Sec. III B.
2. Handle collisions (Sec. III E): membrane points of
diﬀerent cells within a distance ϵ of each other are
considered to be in collision. Time since initial collision is tracked, and if the experimentally determined collision time τc is surpassed, the point is
ﬂagged for collapse.
3. Forces are assigned to all active points along the
appropriate directions, as described by Eq. (S13)
of Sec. III B 4.
4. Move all non-active points by Eq. (S17) of

Sec. III C. This also includes points which are retracting following activation or collision.
5. Collapse retracting points according to Eq. (S12) of
Sec. III B 3. If a membrane point has fully retracted
and the waiting time τrest has passed, the point is
transferred to a normal passive point.
6. Update time stamp and concentration ﬁeld due to
the new cell positions, by summing Eq. (S18) of
Sec. III D for all cells.
Note that protruding points are moved before the entire
cell, while retracting points ﬁrst move with the cell center
of mass and then retracts.
The simulation time step ∆t must be smaller than all
the model time scales. In addition, the time scale must
also allow for colliding cells to be within ϵ of each other
before the unphysical process of crossing into each other.
To satisfy these criteria we have taken ∆t = 0.25 min.

A.

Model cell

Each cell is modeled as a set of Nm points along the
cell membrane, see Fig. 3(a) in the main text, some being active and the rest passive. In a given time step, a
number of the points are selected (see below) to be active and are moved outwards from the otherwise circular
cell. These points thereby form pseudopodia, and their
positions dictate the direction of the cell motion.
The membrane points are connected through a “cell
center” with position xc : A constant force of magnitude
Fo is assigned to each active point (described below), and
the cell center is displaced a distance ∆x in response to
the resultant force on all membrane points, see Eq. (S17).
All passive points undergo the same displacement ∆x
(active points have already been moved). Hence, the cell
motion is not an independent variable.
The cell is initially modeled as a sphere with radius
r = 20.9 µm corresponding to the mean radius of the cells
in the experiments, see Fig. S12(a). The real cells are
obviously not circular, but as time passes, the formation
and collapse of pseudopodia make the model cell shape
a dynamic and dependent entity, in agreement with experimental observation. The pseudopod width w is taken
from the data to be 8 µm (Fig. S12(b)), which agrees with
the report of pseudopod width of ∼5 µm in [9]. The number of membrane points per cell Nm is therefore taken as
the cell circumference divided by twice the pseudopod
width (by extending a membrane point, the model base
pseudopod width is roughly twice the distance between
two membrane points),
Nm =

2πr
≈ 36.
2w

(S9)

If two neighboring points are activated at the same
time, the width of the pseudopod becomes larger and
the force in this direction increases, since each of the
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(a)

(b)

Cell radius
(c)

Pseudopod width
(d)

Time

Time

FIG. S12: Experimental determination of model parameters. (a) Cell radius is computed as the average distance between the
nucleus and the cell outline. (b) Pseudopod width has been measured at the base of the protrusion. (c) Pseudopod growth
obtained from 5263 pseudopodia is approximated by an exponential function (Eq. (S10)). (d) Pseudopod collapse following
cessation of a pseudopod from either age or contact with other cells occurs at a constant rate depending on the initial length.
Pseudopodia do not collapse between the second to last and ﬁnal data points (at t = 16 min and t = 22 min).

two activated points of course pull with the same force
Fo . This is in agreement with experimental work on the
distribution of a cytosolic kinase (PI3K) known to be involved in the polymerization of actin, which has revealed
localized and independent signaling domains of the size
of small pseudopodia in the wider pseudopodia known as
lamellipodia [9].
It was found experimentally that the number of pseudopodia per cell varies about a constant value, νm , which
was found to be in the range 1 − 7 (see Fig. 2(c) in the
main text). To account for this in the model, each cell
is assumed to have a constant number of pseudopodia
Np , so a pseudopod cannot form before an old one stops
due to either age or contact with another cell (detailed
below). However, since it takes some time for a former pseudopod to retract back into the cell, there will
be times where the model cell will appear to have more
pseudopodia than Np ; likewise, cells which often collide
with other cells will at some instances appear to have
fewer pseudopodia. Each model cell is a random number of pseudopodia Np ranging from 1 to 7 which does
not change. We ﬁnd no diﬀerence whether each cell is assigned Np according to the distribution shown in Fig. 2(c)
in the main text or from a uniform distribution, so to
limit the number of variables we have drawn Np from a
uniform distribution for all results.
Experimental studies of isolated migrating cells have

revealed that they have a protrusion opposite the direction of motion in addition to their pseudopodia. This
protrusion, also known as the uropod, is pulled towards
the cell center by intracellular myosin, while applying
less traction force than pseudopodia [29]. Contrary to
these ﬁndings, most cells in our experiments did not exhibit an observable morphological polarity as they formed
pseudopodia in almost any direction, and consequently
uropodia could rarely be unambiguously identiﬁed. In
addition, the dynamics of uropod formation and maintenance for a cell which is constantly changing direction
of motion is not well understood, and ﬁbroblasts in particular have lower levels of uropodial myosin compared
to e.g. Dictyostelium cells. In the experimental observations on which we base our model we therefore neglected
cell uropodia, and all experimentally observed protrusions were treated as pseudopodia. Due to the comparatively small traction forces applied by the uropodia and
their low numbers, this is a reasonable ﬁrst approximation, and the good agreement between model and experiment further justify these assumptions.

B.

Pseudopod dynamics

Pseudopod growth and collapse are complex processes
at the molecular level which have been investigated for
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decades [29–31]. The focus of the current work is on
modeling the motile behavior at the cell-level, so pseudopod growth and collapse are measured from the data
and used as input to the model.

1.

Life of a pseudopod

We found experimentally that the number of pseudopodia is roughly constant per cell during an experiment, but with a varying life times (Fig. S6(a)). In the
model each pseudopod is assigned a life time drawn from
the distribution given in Fig. S6(c). Since we ﬁnd that
the variation in the number of pseudopodia about νm is
low, a new point is activated only when an old one exists
longer than the prescribed life time. When this happens, all non-active and non-collided points are assigned
a probability of pseudopod formation (details given below), and for each ending pseudopod a new is picked
randomly from the pool of available membrane points.
Hence, the number of activated points is conserved but
the number of pseudopodia will change as new pseudopodia form while ending pseudopodia retract (pseudopod
collapse described in detail below).
Following collision of a pseudopod with another cell,
it is observed that a new pseudopod does not form at
the position of the old pseudopod immediately after the
release. This is in line with biochemical investigations
which indicate that contact inhibition of locomotion is
caused by a local inhibition of actin polymerization in
the region of contact [32]. This is implemented in the
model by including a resting time τrest following the release of the collided points, where said point cannot be
reactivated. Following the data, we pick τrest = 5.5 min,
the mean time diﬀerence between two frames.

2.

Protrusion

growth
with L0 = 26.7 µm and τpseud
= 20.2 min.
There are large variations in pseudopod lengths (hence
the large errorbars in Fig. S12(c)), but aiming for simplicity only the mean is used in the model.
The mathematical formulation for the protrusion of
an activated point at position xi at a time t during the
growth of the pseudopod is

xi + xc
,
|xi + xc |

3.

(S11)

Collapse

After the prescribed pseudopod life time has passed
since activation, pseudopodia collapse back into the cell.
Biophysically this occurs since the cell-substrate adhesion
is broken and the cell degrades the polymerized actin,
so pseudopod retraction is caused by the elastic force
of the membrane. The data shows (Fig. S12(d)) that
the collapse rate depends on pseudopod length, since the
normalized pseudopod length may be ﬁtted by
Lpseud (t)
= −K t,
L0

(S12)

with collapse rate K = 0.07 min−1 . Hence, in the model
each collapsing membrane point does so an amount
K L0 ∆t per time step, where L0 is the full length of the
pseudopod from Eq. (S10) and ∆t is the duration of the
time step. Similar to pseudopod extension, collapse of a
point occurs along the direction from the nucleus to the
point. As shown in Fig. S12(d), the average pseudopod
has completely retracted after ∼ 16 min, and therefore
does not retract any further; hence the second to last and
last data points have about the same length. The ﬁt presented by Eq. (S12) only applies until the pseudopod has
collapsed, so in the model we retract pseudopodia only
until the reach the radius r of the unperturbed cell.
A collapsing point is ﬁrst moved along with the rest
of the cell before the collapse is invoked. Collapsing
points may be activated in later time steps, in which
case the point transitions to an activated point and the
cycle restarts.

4.

For each activated point, pseudopod protrusion is modeled by moving the point radially outward. We followed
the tip of 5263 pseudopodia experimentally to obtain
data on the growth of the pseudopodia The data shows
(Fig. S12(c)) that the protrusion (pseudopod) length
Lpseud (t) as a function of time can be approximated by
(
)
growth
(S10)
Lpseud (t) = L0 1 − e−t/τpseud ,

xi + Lpseud (t)

where xc is the position of the cell center.

Pseudopod force

The force assigned to each activated point is a consequence of the attachment and subsequent pulling of
microtubules on the adhesion made by the cell with the
substrate at the base of the pseudopod. Microtubules
constantly “feel out” the inside of the cell but the formation of the attachment depends on the proximity of
the nearest microtubule and the pulling force obviously
scales with the number of microtubules that attach to
each adhesion. However, the microtubules emanate from
the centrosome, which is found right in front of the nucleus even for migrating cells, so the direction of the force
can be approximated by the pseudopod-nucleus direction
[18, 33]. Furthermore, relative variations of the pseudopod point forces are on the order ∼2 both within the individual cell and between cells [19], and locally the force is
more likely to be applied in short bursts of much smaller
spatial extend than the width of the pseudopod [9].
Due to their relative small size and aiming for simplicity, these variations are ignored, so each active point is
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assigned a force of magnitude Fo along the direction from
the cell center to the activated point i
Fi = Fo

xi + xc
,
|xi + xc |

(S13)

where as in Eq. (S11) xi is the position of the ith point
and xc is the position of the cell center. The point
force at the base of each pseudopod is estimated to
Fo ≈ 1.1 × 10−7 N from Munevar et al. [19] who showed
experimentally that traction forces can be well approximated by point forces at the pseudopodia in NIH 3T3
ﬁbroblasts.
5.

Pseudopod formation bias

A new membrane point is activated after an already
active point exceeds its life time or collides with another
cell. The stochastic selection of this new point i is biased
by secreted chemokine with factor Πci and the current
direction of motion with factor Πdi , so the probability
that this point is activated out of the total Nm points of
the cell is
Πc + Πdi
pi = ∑Nm i
.
c
d
i=1 (Πi + Πi )

(S14)

A biased stochastic activation was used due to the low
number of involved intra- and extracellular signaling
molecules (at typical extracellular chemokine concentrations in the nanomolar range [34, 35] there are large relative ﬂuctuations of as much as 100 % [36]).
The directional bias is determined from a ﬁt to the
experimental data in Fig. 2(j) using the angle ∆α between the current direction of motion and the line connecting the center-of-mass ⃗xc and the current membrane
point. A Gaussian ﬁt to the normalized experimental
−∆α2

data Πdi (∆α) = A e 2 a2 with mean 0◦ , standard deviation a = 29.7◦ , and amplitude A = 0.05 was used.
Our experimental observations only imply the existence of a pseudopod formation bias by cell-secreted
chemokines, not the exact form. To implement this
crucial feature in the model, we therefore used previously published results on single-cell chemotaxis. Firstly,
the results of Arriemerlou and Meyer implied that pseudopods are more likely to form in the regions of higher
chemokine concentration [9]. Secondly, the previously
mentioned results from single-cell experiments on NIH
3T3 ﬁbroblasts by Melvin et al. had revealed that relative concentration gradients (∆c/∆x)/c0 of 0.002 µm−1
are required for unambiguous chemotactic response, and
that the response saturates at higher concentrations,
while relative concentrations lower than the aforementioned limit do not produce reliable chemotaxis [10]. Furthermore, it has been demonstrated that the local gradient across the cell relative to the average concentration
of the cell is the decisive parameter [34]. All this points
to a sigmoidal activation function based on local relative

TABLE S3: Model assumptions
− Cell motion is quasi-static
− The scale of secreted concentration is the same for all
cells, c0
− All pseudopodia apply a force of the same magnitude, Fo
− All collisions last the same time, τc
− Chemokine activation of membrane points is biased by a
Hill function of the relative concentration. This function
is the same for all membrane points and all cells.
− All cells have the same friction parameter γ
− All pseudopodia grow and collapse according to the same
relations, Eqs. (SS10) and (SS12)
− All cells are circular with the same radius r
− Each cell has a ﬁxed number of pseudopods at each time,
but diﬀerent cells have diﬀerent numbers

chemokine concentration. We use a Hill function based
on the local relative chemokine concentration
∑Nm of the cell
at membrane point i, ci /c, where c = i=1
ci /Nm is the
instantaneous average concentration experienced by the
cell, as sigmoidal functions of this type are ubiquitous in
biochemical signaling activation including gradient sensing in bacterial chemotaxis [37]. The biasing function
is
( ci )h
Πci =

c

1+

( ci )h ,

(S15)

c

where h is the Hill coeﬃcient.
Running our model for isolated cells, we found we could
reproduce the experimental results of [10] using h = 20
in Eq. (S15), see Fig. 3(c) where each data point represents the average over 20 single-cell simulations each run
for 300 min at each concentration. Biochemically, the
Hill coeﬃcient h is an expression of cooperativity among
the chemical receptors mediating the chemotactic signal,
with the coeﬃcient corresponding to the number of cooperating receptors, and it has been shown that improved
gradient sensing is achieved by increasing the cooperativity [38]. While the value h = 50 used in the model is
unrealistically high — the reference value is h ≈ 3 found
for haemoglobin [39] — Hill coeﬃcients of ∼10 have been
reported for bacterial chemotaxis [37], and Hill-like behavior with apparent Hill coeﬃcients of h ≈ 42 have furthermore been demonstrated to arise from more complex
interlinked signaling networks in the maturation of Xenopus laevis oocytes [40].

C.

Cell motion

Having activated and protruded the appropriate points
and assigned forces to them, the resulting force on the
cell is used to compute the cell velocity. Due to the timescales and small masses involved, cell inertia is negligible
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TABLE S4: Model assumptions and values assigned to model parameters.
Parameter
Cell friction
Pseudopod force
Number of membrane points per cell
Number of pseudopodia per cell
Full pseudopod length
Pseudopod collapse rate
Hill coeﬃcient

Symbol
γ
Fo
Nm
Np
L0
K
h

Decay length scale of secreted chemokines
Cell radius
Collision tolerance distance

Cell-cell contact time
Time between successive activations of the
same membrane point
Characteristic pseudopod growth time

ℓdiﬀ

340 µm

r
ϵ

20.9 µm
3 µm

τc
τrest

5.5 min
5.5 min

Source
Global ﬁt
Extracted from Munevar et al. [19]
Eq. S9 and Fig. S12(a)
Fig. 3(c) in the main text
Eq. (S10) and Fig. S12(c)
Eq. (S12) and Fig. S12(d)
Fig. 3(c) in the main text and Melvin
et al. [10]
Fig. S12(a), combined with Francis and
Palsson [41]
Fig. S12(a)
Chosen to best capture the dynamics,
no observable changes choosing ϵ in the
range 1 µm − 5 µm
Fig. S12(e)
Own data

20.7 min

Eq. (S10) and Fig. S12(c)

growth
τpseud

and the following relationship is postulated
∑

Fi = γ v,

(S16)

i

where γ is a constant and v is the velocity of the cell.
Physically, γ accounts for the Stokes drag from the ﬂuid
and the cell friction force with the substrate, which also
scales linearly with the velocity. γ is the same for all
cells and is ﬁtted from the data at the value γ = 39.0 kg
s−1 , which compares reasonably well with an estimated
friction coeﬃcient of γ ≈ 29 kg s−1 from Munevar et al.
[19] and an order-of-magnitude estimate of the friction
per unit cell surface area of 109 kg s−1 m−2 by Larripa
and Mogilner [20]. The displacement of the model cell
center ∆x is then given by
∆x = v ∆t,

(S17)

where ∆t is the time step. It has been shown in the literature that NIH 3T3 ﬁbroblasts move along the direction
of the resulting traction force [19], which essentially is the
postulate of Eqs. (S16) and (S17). All points not activated are moved similarly to the cell center (the activated
points have already been moved).

D.

Secretion of signaling molecules

To mediate the chemotactic response of Fig. 3(e),
model cells secrete chemokines. We assume that each
model cell secretes at a constant rate Γ from the entire
perimeter and the concentration ﬁeld from each cell is
thus approximated by the analytical solution for a con-

Value and unit
39.0 kg s−1
1.1 × 10−7 N
36
1−7
26.7 µm
0.07 min−1
20

stant source (see e.g. [41])
[
2
2
− 2d
r ℓdiﬀ − (d−2r)
2
√ e ℓdiff − e ℓdiff
c(d) = G
d−r π
(
)
|d − 2r|
|d − 2r|
− ℓdiff erfc
√
ℓdiﬀ
π
)]
(
d
d
,
(S18)
+ ℓdiff erfc
√
ℓ
diﬀ
π
where erfc(x) is the complementary error function, d is
the distance from an extracellular point to the cell membrane, r is the cell radius, G = Γ/(2D) is the concentration gradient at the cell membrane (taken to be the
same for all cells; D is the diﬀusivity of the chemokine)
and ℓdiﬀ is the length scale the concentration ﬁeld decays on. Due to dilution and degradation, the eﬀective
signaling distance of a cell is estimated to 50 times the
cell radius by Francis and Paulsson [41], and the length
scale ℓdiﬀ is therefore taken to be 1/3 of the eﬀective
signaling distance of a cell of radius r ≈ 20µm, i.e.
ℓdiﬀ = 340 µm. Assuming the rate of chemokine secretion is one order of magnitude lower than the rate of
antibody production we pick Γ = 100 molecule per cell
per second [42] and since furthermore D = 10−10 m2 s−1
we ﬁnd G = 6.6 × 10−4 mol m−4 .
E.

Cell-cell contact

The contact inhibition of locomotion is characterized
by the time of contact τc (Fig. 2(i) in the main text).
Aiming for simplicity we assume in the model that the
force is applied until the contact stops. The contact time
τc is taken as the most frequent experimentally observed

20
contact time of pseudopodia in contact with other cells
from the data, which unfortunately is identical to the
mean sampling time ∆tsamp ,
τc = 5.5 min.

(S19)

The contact inhibition is implemented at the activation point level. If a point comes within a distance ϵ of
any point of any other cell (does not need to be an activated point) the two points are deemed to be in contact.
This continues until a total of τc has passed since the initial contact, and the local force is stopped. Hereafter the
points transition to the normal collapse routine, in accordance with the experimental observations. The exact
value of ϵ does not inﬂuence the behavior of the model
cells for the range 1 − 5 µm.
F.

Summary of model parameters

The parameters of the model are summarized in Table S4. There is one ﬁt (the friction coeﬃcient γ, a global
ﬁt) while the rest of the parameters are obtained directly
from the data or the literature.

G.

each time step, yielding trajectories as shown in Fig. 3(b)
in the main text and concentration ﬁelds as shown in
Fig. S10. For true comparison between model and experimental data, the model trajectories are sampled at
the experimental sampling rate, and motility statistics
are computed from these resampled data. Furthermore,
the ﬁrst 20 min of the experimental data is discarded for
these comparisons due to the signiﬁcant chemotactic response caused by the low background level during these
times. The model predictions are compared to experiments in Fig. 3 in the main text.
The numerical implementation of the model is not parallellized, so running the program becomes increasingly
time consuming with the addition of more cells. To circumvent this issue, we ran several numerical experiments
at the same cell density in parallel using ∼ 30 cells in
each, and then averaged over all cells in all experiments
to extract distributions of single-cell speed, directional
autocorrelation and maximum path distance. The outcome of this cost and time-reduced simulation scheme
was compared to simulations using ∼ 100 cells in two
cases, where no variations exceeding those of ﬁnite statistics where detected.

Boundary conditions
I.

In the experiments we only track cells in the middle
of the chamber, neglecting cells close to the wall. In
the model we imposed these boundary conditions in two
diﬀerent ways: (i) applying periodic boundary conditions on the secreted chemokine ﬁelds and cell motion,
or (ii) including cells around the cells on interest (in a
band of 4-5 cells) and include a density-speciﬁc background chemokine concentration representing the almost
constant concentration ﬁeld experienced by the cells. We
found no detectable diﬀerence in the outcome, but using
periodic boundary conditions saves computational time
and therefore speeds up the numerical analysis. Consequently, all results presented in the paper have been
computed using these boundary conditions.

Model outlook

We initiate the model by seeding cells at a desired concentration, using either the known starting positions from
an experiment or random placement. We store the positions of the model cells and the concentration ﬁeld at

Our statistical results combined with the model could
be used to derive a continuum theory of the collective migration. While the number of cells in our experiment (a
few hundred) is typically too low for a continuum description, it would be of great interest to derive such a theory for future macroscale studies. Such continuum theories have successfully been applied to collective behavior of both swimming and migrating cells [26–28]. Our
experimentally validated model could be used to derive
a continuum theory of the collective migration, which
we would expect to include pair correlations due to the
importance of cell-cell interactions in shaping local dynamics, much like the Zimm theory of polymers in dilute
solutions [43]. Speciﬁcally, obtaining a sound description
of the “collision” term of the continuum theory based on
the microscopic (subcellular) dynamics described in our
paper would not only contribute to the identiﬁcation of
the correct continuum model (in contrast to ad-hoc arguments and empirical data ﬁtting), but would also lead to
a deeper understanding of collective dynamics and rheology.
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Movie S1.

The movement of cells at medium density in a chamber during 200 min. The trajectories are given by yellow lines.

Movie S1

Movie S2. The positions and life times of the pseudopodia change dynamically during the course of an experiment, as illustrated for two cells. Pseudopodia
are marked by red circles, with arrows indicating the actual direction of motion (green) and the direction of movement predicted from the pseudopodia (red).

Movie S2
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Movie S3. The cells exhibit contact inhibition of locomotion. Colliding cells (green) transiently remain in contact (for roughly 5.5 min; see Fig. 2I), before they
move away from each other, followed by collapse of the touching pseudopodia of different cells.

Movie S3

Movie S4. Illustration of model cell migration behavior. Active membrane points are indicated by red dots, and the trajectories of the cells are indicated by
blue lines.

Movie S4
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