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 a b s t r a c t

Cell–cell adhesion is widely hypothesised to maintain cohesion within the long streams of follower cells that trail 
leader subpopulations during collective migration, including in neural crest cell migration, angiogenesis, and 
cancer cell invasion. Mathematically, non-local advection–diffusion equations provide the canonical continuum 
framework within which to study such adhesive cell–cell interactions. Here, we study a minimal model of leader–
follower migration within this framework, in which leaders migrate at constant velocity while followers are 
attracted to leaders and to one another over a finite spatial interaction range. Numerical simulations reveal that, 
although the model can maintain small cohorts of travelling follower cells, the size of these cohorts is limited by 
the adhesive interaction lengthscale and is far below what is needed to reproduce the extended streams observed 
in vivo. Our results highlight a structural limitation of the standard non-local adhesion formulation and thus the 
need for the development of extended continuum models capable of sustaining long, coherent migratory streams 
through purely mass-conserving collective cell movement.

1.  Introduction

Collective motion is widespread across biology, from flocking birds 
(Farine, 2022) and schooling fish (Lopez et al., 2012) to the coordinated 
migration of cells in vivo (Rørth, 2009). A recurring feature of such sys-
tems is leader–follower dynamics, in which a small subset of individuals 
(leaders) directs the movement of a much larger population (follow-
ers). In multicellular systems, leader–follower migration underpins key 
processes including embryonic development (Scarpa and Mayor, 2016), 
wound healing (Li et al., 2013), and tumour cell invasion (Friedl et al., 
2004). In vivo, leader cells migrate in response to external guidance 
cues such as chemotactic, durotactic, or haptotactic gradients (SenGupta 
et al., 2021), while follower cells coordinate their motion through inter-
actions with neighbouring cells (Mishra et al., 2019). This leads to the 
formation of large, connected streams of follower cells trailing leader 
subpopulations. A canonical example of this phenomenon is chick cra-
nial neural crest cell migration, wherein leader cells respond to gradients 
in vascular endothelial growth factor and follower cells migrate collec-
tively behind them, with cell–cell adhesion hypothesised to maintain 
cohesion within streams (McLennan et al., 2012). From a mathematical 
modelling perspective, such spatially extended streams present a chal-
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lenge as they persist over distances far greater than the range of direct 
cell–cell interactions.

Spatially extended migratory fronts arise naturally in mathematical 
models that include cell proliferation. Classical reaction-diffusion mod-
els such as the Fisher-KPP equation produce travelling waves in which 
cell density behind the advancing front remains high (Murray, 2002; 
Simpson and McCue, 2024). Similar mechanisms have been proposed 
in the context of neural crest migration in the gut. For example, contin-
uum partial differential equation models (Simpson et al., 2006, 2007) 
have predicted that proliferation at the migratory wavefront of neural 
crest streams drives invasion of the developing gut, a prediction later 
supported by tissue graft experiments in quail (Simpson et al., 2007). 
However, in other systems, including the chick cranial neural crest, pro-
liferation is relatively low during the early phases of migration (Ride-
nour et al., 2014). In such settings, the formation and maintenance of 
follower streams must be driven by cell–cell interactions that induce 
movement, rather than by proliferation. Chemotaxis-based continuum 
models, for example that of Uçar et al. (2025), have been proposed 
to explain follower migration in such contexts, but typically assume 
that cells can sense arbitrarily small chemical gradients. Explaining how 
spatially extended streams emerge without proliferation or long-range 
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gradient sensing, therefore, presents a significant and open modelling
challenge.

Cell–cell adhesion is frequently proposed as a mechanism for coor-
dinating follower motion in such systems (McLennan et al., 2012). A 
canonical and widely used continuum framework for modelling such in-
teractions utilises non-local advection–diffusion equations, also known 
as non-local aggregation equations, to represent the evolution of inter-
acting cell populations (Armstrong et al., 2006; Carrillo et al., 2019; 
Painter et al., 2024b). In this framework, the direction of cell migration 
depends on cell-density gradients sensed over a finite range, reflecting 
the inherently non-local nature of cell–cell interactions. This formula-
tion captures the fact that cells can attract or respond to neighbouring 
cells across finite distances through adhesive, chemical, or mechanical 
cues. Such models have proven remarkably versatile in the study of col-
lective cell behaviours, reproducing a wide repertoire of multicellular 
patterning (Carrillo et al., 2019; Giunta et al., 2025).

A notable example illustrating the power of this framework is pro-
vided by Carrillo et al. (2019), who showed that this class of models 
can reproduce, both qualitatively and quantitatively, the sorting and 
mixing of cell subpopulations driven by differential adhesion, as mea-
sured experimentally by Katsunuma et al. (2016). More broadly, non-
local advection–diffusion models have been applied across developmen-
tal and pathological contexts, providing mechanistic explanations for 
cell aggregation during development (Yu et al., 2026; Jewell et al., 
2023; Painter et al., 2015) and forming the basis for representing cell–
cell adhesion in a range of processes including cancer invasion (Dom-
schke et al., 2014; Gerisch and Chaplain, 2008; Painter et al., 2010), 
vasculogenesis (Villa et al., 2022), and skeletal morphogenesis (Glimm 
et al., 2014). For an extensive review of these models, see Painter et al. 
(2024b).

Accordingly, the non-local advection–diffusion framework provides 
a canonical continuum description of cell–cell adhesion and therefore a 
natural setting in which to study leader–follower migration. However, 
an unresolved question in this context is whether models based solely on 
co-attraction and adhesion between proximal cells can sustain streams 
of follower cells that are both motile and span distances far greater than 
the typical range of cell–cell interactions. Previous analyses have shown 
that such models can produce stationary clusters whose extent exceeds 
the interaction lengthscale of cells (Potts and Painter, 2024; Jewell et al., 
2025), or travelling pulses whose size remains limited by that length-
scale (Carrillo et al., 2018; Painter et al., 2024a; Jewell et al., 2025), yet 
long, cohesive streams of migrating followers have not, to our knowl-
edge, been reported.

To address this question, we study a minimal mathematical model of 
leader–follower migration formulated within the non-local advection–
diffusion framework. Leader cells are prescribed to migrate at a con-
stant velocity in a one-dimensional domain, representing directed mo-
tion in response to external cues, while follower cells move according to 
short-range attractive interactions with both leaders and other followers 
(Fig. 1).

2.  Methods

We study a minimal continuum model of leader–follower migration 
on a one-dimensional domain of 2000𝜇m in length. The model comprises 
two cell populations, leaders and followers, each represented by a con-
tinuously varying density along the length of the domain. Leaders and 
followers each evolve in time according to a system of coupled partial 
differential equations (PDEs). The leader PDE prescribes movement in 
the positive 𝑥-direction at a fixed speed, 𝑣0, representing migration ac-
cording to local micro-environmental cues, in processes such as chemo-
taxis. Conversely, the follower PDE contains terms representing move-
ment according to random diffusive motion, reflecting undirected motil-
ity with diffusivity 𝐷𝑓 , and short-range, non-local attraction to both 
leaders and other followers, representing the adhesive and co-attractive 
interactions commonly cited as key mechanisms for follower cell mi-

gration. This effectively extends previous work by Potts (2025), which 
examined population organisation around a stationary resource, to the 
case of a moving resource, here represented by the leaders. Follower–
follower and follower–leader interactions are parameterised by the non-
negative interaction strength coefficients 𝜇𝑓𝑓  and 𝜇𝑓𝑙, respectively, and 
by an interaction lengthscale, 𝜉, that determines the typical distance 
over which cells can sense and interact with one another. Here, we take 𝜉
to be the same for follower–follower and follower–leader interactions, as 
such interactions are often mediated by intrinsic properties of follower 
cells, such as the length of actin-based protrusions extended at their 
membrane, or the density of ligand receptors along their membrane. 
This assumption has also been made in a previous model of non-local 
leader–follower interactions (Painter et al., 2024a). Follower motion is 
also subject to a volume-filling constraint, which prevents overcrowding 
when the combined leader–follower density approaches a constant, 𝜅.

Under these assumptions, the evolution of the leader and follower 
cell densities, 𝜌𝑙(𝑥, 𝑡) and 𝜌𝑓 (𝑥, 𝑡), in the domain 𝑥 ∈ [0, 𝐿] where 𝐿 =
2000𝜇m, is governed by the PDEs
𝜕𝜌𝑙
𝜕𝑡

= −𝑣0
𝜕𝜌𝑙
𝜕𝑥

,

𝜕𝜌𝑓
𝜕𝑡

= 𝐷𝑓
𝜕2𝜌𝑓
𝜕𝑥2

− 𝜕
𝜕𝑥

(

𝜌𝑓 (𝜅 − 𝜌𝑙 − 𝜌𝑓 )
𝜕𝐶
𝜕𝑥

)

,

(1)

where 𝐶 is the non-local attraction potential, incorporating follower–
follower and leader–follower interactions,

𝐶(𝑥, 𝑡) = 𝜇𝑓𝑓∫

𝐿

0
𝐾𝜉 (𝑥 − 𝑦) 𝜌𝑓 (𝑦, 𝑡) d𝑦 + 𝜇𝑓𝑙∫

𝐿

0
𝐾𝜉 (𝑥 − 𝑦) 𝜌𝑙(𝑦, 𝑡) d𝑦. (2)

The kernel, 𝐾𝜉 (𝑥), specifies how the strength of co-attraction or ad-
hesion changes with the distance between cells, and is taken as an even, 
non-negative Gaussian function:

𝐾𝜉 (𝑥) =

⎧

⎪

⎨

⎪

⎩

𝛼(𝜉) exp
(

− 𝑥2

2𝜉2

)

, |𝑥| ≤ 3𝜉,

0, |𝑥| > 3𝜉,

(3)

truncated at 3𝜉 to ensure compact support while retaining over 99% of 
the Gaussian mass. The factor 𝛼(𝜉) ensures that

∫ℝ
𝐾𝜉 (𝑥) d𝑥 = 𝜉, (4)

such that, unlike many continuum representations of non-local adhe-
sion, we do not normalise the kernel 𝐾𝜉 (𝑥) independently of 𝜉. Here, 
the total mass of the kernel scales proportionally with 𝜉, reflecting the 
modelling assumption that increasing the interaction range introduces 
additional interactions rather than diluting the same interactions over 
a larger distance. Simulations using alternative interaction kernels, in-
cluding top-hat and Hookean spring-type functions, display qualitatively 
similar behaviour, suggesting that the results are qualitatively robust to 
the choice of kernel.

To focus exclusively on the dynamics of cells within the domain, 
boundary conditions are chosen to prevent any influx of cells at the 
domain boundaries. The follower diffusion term satisfies homogeneous 
Neumann (zero-flux) boundary conditions, while the non-local interac-
tion terms are evaluated by extending both leader and follower densities 
to zero beyond the domain boundaries. The leader population under-
goes pure advection to the right, with cells exiting through the right-
hand boundary removed and the newly exposed region at the left-hand 
boundary assigned zero density, corresponding to an absorbing bound-
ary condition. The initial leader and follower profiles are positioned 
sufficiently far from both boundaries that the peak of the leader pulse 
never reaches the right-hand boundary during the simulations, ensur-
ing that boundary effects are negligible. Further details of the model 
and the numerical scheme with which these equations are solved can 
be found in Appendix A with the corresponding model code available at 
https://github.com/SWSJChCh/continuumLeaderFollower.
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Fig. 1. Mathematical model schematic. The model represents leader and follower populations as continuous densities in a one-dimensional domain. Leader cells 
migrate in the positive 𝑥-direction with a constant speed, 𝑣0, representing migration according to gradients in external cues. Follower cells move according to an 
integro-partial differential equation, with terms representing diffusion and attractive cues from leader cells and other follower cells. Follower–follower and follower–
leader interaction strengths are modulated by the parameters 𝜇𝑓𝑓  and 𝜇𝑓𝑙, respectively, while the typical length over which follower–follower and follower–leader 
interactions occur is represented by the parameter 𝜉. Created in BioRender by S.W.S. Johnson: https://BioRender.com/dofhwnp.

Fig. 2. (a) Model simulations for (𝜉, 𝜇𝑓𝑓 , 𝜇𝑓𝑙) = (50𝜇m, 20 μmmin−1, 20 μmmin−1) (upper) and (50𝜇m, 20 μmmin−1, 200 μmmin−1) (lower), shown at 0 h, 6 h, and 12 h. 
In the upper panel, follower–follower and leader–follower attraction strengths are equal. Under these conditions, follower cells (red) remain tightly bound, and the 
attraction exerted by leader cells (green) is insufficient to detach followers from the initial cluster. In the lower panel, follower–leader attraction is increased to 
ten times the follower–follower attraction. As a result, followers located within the initial interaction range of leaders are rapidly advected towards leaders, while 
those outside of this range remain in the bulk due to comparatively low follower–follower attraction strength. In the lower panel, 𝑀0 denotes the initial mass of the 
follower cluster and 𝑀𝑓 , the final mass advected with the leaders. (b) Heatmaps showing 𝑀𝑓∕𝑀0 for 𝜉 = 50𝜇m across a range of follower–follower and follower–
leader interaction strengths. The left heatmap reveals two distinct regimes: (∗) a regime in which follower–follower attraction is sufficiently strong to maintain cluster 
integrity but followers do not migrate, and (†) a regime in which strong leader–follower attraction advects only those followers within the leaders’ initial interaction 
range. The right heatmap provides a binary classification of these regimes.
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Fig. 3. (a) Heatmaps of 𝑀𝑓∕𝑀0 for 𝜉 = 10𝜇m, 50 μm, 100 μm for a range of interaction strengths. Heatmaps show the existence of two regimes in (𝜇𝑓𝑓 , 𝜇𝑓𝑙) space: a 
regime in which follower–follower attraction is sufficiently strong to maintain cluster integrity but followers do not migrate, and a regime in which strong leader–
follower attraction advects only those followers within the leaders’ initial interaction range. (b) Line plots of 𝑀𝑓∕𝑀0 as a function of 𝜇𝑓𝑙 for fixed 𝜇𝑓𝑓 = 10𝜇mmin−1. 
Line plots show a gradual plateau in 𝑀𝑓∕𝑀0 as 𝜇𝑓𝑙 is increased, indicating a fundamental limit on the degree to which long follower chains may be created.

At the beginning of each simulation, leaders are initialised as a nar-
row cluster positioned closely ahead of a bulk of follower cells that ex-
tends over several hundred micrometres (Fig. 2(a)). Leaders then ad-
vance with a constant velocity of 1𝜇mmin−1 for a period of 12 h, while 
followers disperse, interact, and reorganise according to Eq. (1). Param-
eter values of the model are chosen to represent typical chick cranial 
neural crest cell dynamics in vivo (McLennan et al., 2012). Follower dif-
fusivity is fixed at 𝐷𝑓 = 10𝜇m2 min−1, leader speed at 𝑣0 = 1𝜇m min−1, 
and follower interaction lengthscales, 𝜉, range from approximately one 
to ten cell lengths (10𝜇m to 100𝜇m). Across all simulations, we impose 
a carrying capacity of 𝜅 = 1, which corresponds to the maximum per-
mitted follower cell density at any point in the domain. This value lies 
slightly above the maximum initial density of leader and follower cells 
across the domain, providing a biologically meaningful limit on cell–
cell aggregation while permitting aggregates to form. The interaction 
strengths, 𝜇𝑓𝑓  and 𝜇𝑓𝑙, are varied systematically to explore the extent to 
which follower–follower and follower–leader adhesion and co-attraction 
facilitate the formation of extended streams of follower cells migrating 
as a collective behind leader cells.

To quantify the extent to which each parameter set, (𝜉, 𝜇𝑓𝑓 , 𝜇𝑓𝑙), fa-
cilitates the formation of follower streams, we compare the mass of the 
main contiguous region of follower density directly behind the leaders 
after migration ends (𝑀𝑓 ) to the initial mass of followers in the domain 
(𝑀0) (Fig. 2(a)). This ratio provides a measure of leader–follower mi-
gratory efficiency, quantifying the fraction of follower mass that is suc-
cessfully transported across the tissue segment by leaders. Our analysis 
compares follower stream sizes across parameter sets and thus investi-
gates whether the model considered here is sufficient to reproduce the 
long streams of followers observed in vivo. Systematic explorations of 
parameter space have been used to classify pattern-forming behaviour 
in related non-local advection–diffusion models (Giunta et al., 2025).

3.  Results

We systematically explored the parameter space defined by the in-
teraction strengths (𝜇𝑓𝑓 , 𝜇𝑓𝑙) and interaction lengthscale, 𝜉, quantify-
ing migratory success by the ratio 𝑀𝑓∕𝑀0 of follower mass transported 
along the domain with leaders relative to the total follower mass. Pa-

rameter sweeps were performed over wide ranges of 𝜇𝑓𝑓  and 𝜇𝑓𝑙 for 
𝜉 = 10, 50, 100𝜇m, representing characteristic interaction lengthscales of 
approximately one, five, and ten cell lengths, respectively (with inter-
actions extending to 3𝜉).

For all values of 𝜉 considered, two distinct dynamical regimes consis-
tently emerged (Fig. 3). In the first regime, follower–follower attraction, 
𝜇𝑓𝑓 , is sufficiently strong that attraction from leader cells is unable to 
detach follower cells from the initial bulk, and thus, the entire follower 
mass remains in place. An example simulation in this regime is shown 
in the upper panels of Fig. 2(a) and corresponds to the region denoted 
by ∗ in the binary heatmap shown in Fig. 2(b). In the second regime, 
strong follower–leader attraction, 𝜇𝑓𝑙, enables followers initially posi-
tioned within range of the leaders to move towards them. However, be-
cause in this regime follower–follower attraction is comparatively weak, 
these migrating cells are unable to attract additional followers from the 
rear of the bulk, leaving the majority of the population behind. An ex-
ample simulation in this regime is shown in the lower panels of Fig. 2(a) 
and corresponds to the region denoted by † in the binary heatmap shown 
in Fig. 2(b). Fig. 2(b) shows a heatmap of 𝑀𝑓∕𝑀0 for 𝜉 = 50𝜇m with 
regions in which 𝑀𝑓∕𝑀0 is close to zero for large values of 𝜇𝑓𝑓  rela-
tive to 𝜇𝑓𝑙, and is appreciably positive for smaller values of 𝜇𝑓𝑓  relative 
to 𝜇𝑓𝑙, corresponding to the two regimes described above, respectively. 
Adjacent to this is a binary heatmap clearly indicating the demarcation 
of these two regimes (with a threshold value of 𝑀𝑓∕𝑀0 = 10−2).

As shown in Fig. 3(b), the fraction of transported follower mass 
increased monotonically with follower–leader attraction strength 𝜇𝑓𝑙. 
However, for larger values of this parameter, this increase plateaued, in-
dicating a fundamental limit on the proportion of followers that could be 
transported along the domain with leaders. The precise saturation level 
depended on the typical follower interaction range, 𝜉. For 𝜉 = 10𝜇m, 
only a very small fraction of follower mass, below 0.05, migrated be-
hind the leaders. For 𝜉 = 50𝜇m, the transported fraction did not exceed 
0.2. For 𝜉 = 100𝜇m, the transported fraction reached a maximum of ap-
proximately 0.35, such that these simulations consistently yielded the 
largest mass of follower cells transported for a given set of interaction 
strengths (𝜇𝑓𝑓 , 𝜇𝑓𝑙) (Fig. 3). Thus, for all parameter ranges considered, 
the majority of followers failed to migrate. Here, we note that if 𝜉 is 
further increased, it is possible that a larger mass of follower cells could 

Journal of Theoretical Biology 634 (2026) 112561 

4 



Letter to Editor

be transported along the domain. However, such values of 𝜉 would cor-
respond to cell–cell communication over lengths that are far larger than 
the typical range of short-range communication or adhesion in vivo.

These results show that while the model of cell–cell adhesion con-
sidered here can generate small cohorts of followers trailing leaders, it 
cannot sustain extended streams akin to those observed in vivo and that 
follower cell transport is limited by the maximum length over which 
followers may interact with other cells.

4.  Discussion

Our analysis demonstrates that, within the minimal non-local 
advection–diffusion framework considered here, short-range follower–
follower and follower–leader adhesion are not sufficient to sustain spa-
tially extended, motile follower streams. In the model, the extent of the 
follower population transported with the leaders remains constrained 
by the interaction lengthscale over which adhesive forces act. Thus, al-
though the system can generate cohesive follower groups, it does not 
support the formation of long migrating streams under biologically plau-
sible short-range interactions.

Numerical simulations of the coupled one-dimensional non-local 
PDE system consistently exhibit two distinct dynamical regimes, deter-
mined by the relative magnitudes of the attraction strengths, 𝜇𝑓𝑓  and 
𝜇𝑓𝑙. When follower–follower attraction is sufficiently strong, the fol-
lower population remains bound within its initial bulk, and leader at-
traction is unable to detach and transport it. By contrast, when follower–
leader attraction is sufficiently strong, only those followers initially 
within the interaction range of leaders are advected forwards, while 
the remaining follower mass is left behind because follower–follower 
attraction is too weak to propagate motion through the bulk. In both 
cases, the transported follower mass is restricted by the finite range of 
the interaction kernel.

Furthermore, our results show that increasing follower–leader at-
traction does not remove this limitation. Instead, for a fixed interaction 
lengthscale, 𝜉, the transported mass increases only up to a plateau, after 
which stronger attraction to leaders produces no substantial increase 
in the size of the migrating follower cohort. The saturation level de-
pends on 𝜉, but for all values considered it remains bounded away from 
transport of the full follower population. This indicates that the inabil-
ity to generate extended streams is an intrinsic feature of the canonical 
short-range non-local adhesion framework. Additionally, prior work has 
shown that local fourth-order Cahn–Hilliard models represent a short-
range limit of the non-local adhesion model considered here (Falcó et al., 
2024), suggesting that such models may also have the same limitation.

As our study is based on a numerical exploration of parameter space, 
we cannot exclude the existence of isolated parameter values for which 
the two competing effects balance more delicately. However, the ab-
sence of any broad parameter regime supporting extended follower 
transport suggests that such behaviour, if it exists, is not structurally 
robust within this model class. Thus, the conclusion should be inter-
preted primarily as a statement about the minimal model mechanism 
considered here. Within this framework, changing parameter values can 
alter the amount of follower mass transported, but does not introduce a 
mechanism for sustained long-range follower recruitment.

The extent to which this limitation applies to other experimental sys-
tems will depend on which biological processes dominate follower trans-
port. The parameter values used here are motivated by cranial neural 
crest cell migration, but related leader–follower phenomena in wound 
healing, cancer invasion, and other developmental systems may involve 
additional mechanisms, including proliferation, extracellular matrix re-
modelling, substrate-mediated mechanical coupling, or long-range sig-
nalling. Such processes could alter the resulting dynamics and may allow 
extended follower populations to be maintained by mechanisms absent 
from the present minimal model.

This conclusion does not rule out adhesion as a biologically impor-
tant process in the formation of follower cohorts. Rather, it suggests that 

an essential feature may be missing from current continuum representa-
tions of cell–cell adhesion. Additional mechanisms, such as anisotropic 
interactions, longer-range signalling, leaders responding to follower be-
haviour (Bernardi and Painter, 2025), or coupling to external fields or 
substrates, may also be required to maintain coordinated motion across 
large follower populations. Our results point to the open challenge of de-
veloping continuum models that can produce long, coherent travelling 
streams through purely mass-conserving, collective cell movement.
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Appendix A.  Model formulation and numerical scheme

A.1.  Numerical scheme

We discretise the domain into 𝑁 = 104 mesh points, {𝑥𝑖}𝑁𝑖=1 with uni-
form spacing, ℎ = 𝐿∕(𝑁 − 1). The system is integrated explicitly in time 
using a forward Euler scheme. The time step, Δ𝑡, is chosen conserva-
tively to satisfy a von Neumann stability constraint

Δ𝑡 ≤ ℎ2

2𝐷𝑓
, (A.1)

with an additional safety factor, 𝜃 ∈ (0, 1) (here 𝜃 = 0.05), to ensure ac-
curate results, giving a final time step of

Δ𝑡 = 𝜃 ℎ2

2𝐷𝑓
. (A.2)

In addition to the diffusive restriction, we verify the CFL condition 
associated with the taxis flux. The relevant discrete advective velocity 
is the face velocity used in the finite-volume update,

𝑢𝑛𝑖+1∕2 = 𝑃 𝑛
𝑖+1∕2

𝐶𝑛
𝑖+1 − 𝐶𝑛

𝑖

ℎ
, 𝑃 = 𝜅 − 𝜌𝑙 − 𝜌𝑓 . (A.3)
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Writing 𝑎+ = max(𝑎, 0) and 𝑎− = min(𝑎, 0), the corresponding taxis 
Courant number is

CFLtaxis =
Δ𝑡
ℎ

max
𝑛,𝑖

[

(

𝑢𝑛𝑖+1∕2
)+

−
(

𝑢𝑛𝑖−1∕2
)−

]

. (A.4)

A conservative bound can be obtained directly from the kernel nor-
malisation. Since

∫ℝ
𝐾𝜉 (𝑥) d𝑥 = 𝜉,

the total variation of the truncated Gaussian kernel, including its jumps 
at 𝑥 = ±3𝜉, is

TV(𝐾𝜉 ) = 2

[

√

2𝜋 erf

(

3
√

2

)]−1

≈ 0.80, (A.5)

independently of 𝜉. Since the weak derivative of 𝐾𝜉 has zero total mass, 
its positive and negative variations are each approximately 0.40. Thus, 
using 0 ≤ 𝜌𝑙 , 𝜌𝑓 ≤ 𝜅 and |𝑃 | ≤ 𝜅, we obtain

max
𝑛,𝑖

[

(

𝑢𝑛𝑖+1∕2
)+

−
(

𝑢𝑛𝑖−1∕2
)−

]

≲ 0.80 𝜅2(
|𝜇𝑓𝑙| + |𝜇𝑓𝑓 |

)

. (A.6)

For 𝜇𝑓𝑙 , 𝜇𝑓𝑓 ∈ [0, 1000]𝜇mmin−1 and 𝜅 = 1, this gives

max
𝑛,𝑖

[

(

𝑢𝑛𝑖+1∕2
)+

−
(

𝑢𝑛𝑖−1∕2
)−

]

≲ 1.6 × 103 𝜇mmin−1. (A.7)

With ℎ ≃ 0.2𝜇m and Δ𝑡 ≃ 10−4 min, it follows that
CFLtaxis ≲ 0.80 < 1. (A.8)

Meanwhile, the diffusive Courant number is

CFLdif f =
2𝐷𝑓Δ𝑡

ℎ2
= 𝜃 = 0.05 < 1. (A.9)

Thus, the chosen time step lies below both the diffusion and taxis CFL 
limits. Moreover, because the two terms are advanced together in a sin-
gle forward-Euler update, their combined sufficient Courant number is
CFLdif f + CFLtaxis ≲ 0.05 + 0.80 = 0.85 < 1. (A.10)

A.2.  Numerical leader update

Leaders are transported at a speed 𝑣0 𝜇mmin−1 using a discrete shift-
ing algorithm. The displacement increment per time step is

𝛿𝑠 =
𝑣0Δ𝑡
ℎ

. (A.11)

Let 𝑆 denote the accumulated displacement. At each time step, 𝑆 is in-
creased by 𝛿𝑠, and whenever ⌊𝑆⌋ increases by one, the leader density 
profile, 𝜌𝑙, is shifted by one mesh point in the positive 𝑥-direction. This 
formulation avoids the need for interpolation of the leader density at 
non-grid-aligned locations, and hence ensures exact local mass conser-
vation throughout simulations.

A.3.  Numerical follower update

Followers evolve via explicit forward Euler updates of the form
𝜌𝑛+1𝑓 = 𝜌𝑛𝑓 + Δ𝑡

(

𝐷𝑓Δℎ𝜌
𝑛
𝑓 − ∇ℎ ⋅ 𝐽

𝑛
)

, (A.12)

where superscripts denote time and Δℎ denotes a second-order finite-
difference Laplacian with homogeneous Neumann boundary conditions. 
The taxis flux is discretised in conservative finite-volume form, with 
boundary face fluxes set to zero,
𝐽 𝑛
1∕2 = 𝐽 𝑛

𝑁+1∕2 = 0. (A.13)

Together with the homogeneous Neumann discretisation of the diffu-
sive term, this imposes zero total follower flux through 𝑥 = 0 and 𝑥 = 𝐿, 
and hence preserves the integrated follower mass to a high degree of 
accuracy. Here, the diffusive and taxis components of the follower flux 
are set to zero separately. This stronger condition is sufficient, but not 
necessary, for zero total flux and is imposed for numerical simplicity.

A.4.  Discretisation of the taxis flux

The divergence of the taxis flux is discretised using a finite-volume for-
mulation. Gradients of the attraction potential, 𝐶, are evaluated at cell 
faces using centred differences,

(𝜕𝑥𝐶)𝑖+ 1
2
=

𝐶𝑖+1 − 𝐶𝑖
ℎ

, (A.14)

and the corresponding face velocities are defined by
𝑢𝑖+ 1

2
= 𝑃𝑖+ 1

2
(𝜕𝑥𝐶)𝑖+ 1

2
, (A.15)

where 𝑖 indexes mesh points and 𝑃𝑖+ 1
2
 is obtained by the arithmetic 

averaging of 𝑃  between adjacent mesh points.
The numerical flux through each cell face is computed using an up-

wind discretisation,

𝐽𝑖+ 1
2
=

⎧

⎪

⎨

⎪

⎩

𝜌𝑓,𝑖𝑢𝑖+ 1
2
, 𝑢𝑖+ 1

2
≥ 0,

𝜌𝑓,𝑖+1𝑢𝑖+ 1
2
, 𝑢𝑖+ 1

2
< 0.

(A.16)

The discrete divergence of the flux is then given by

(∇ℎ ⋅ 𝐽 )𝑖 =
𝐽𝑖+ 1

2
− 𝐽𝑖− 1

2

ℎ
. (A.17)

A.5.  Non-local convolution

Given a kernel, 𝐾𝜉 , and a discrete density, 𝑍, the convolution is given 
by

(𝐾𝜉 ∗ 𝑍)(𝑥𝑖) ≈ ℎ
∑

𝑗
𝐾𝜉 (𝑥𝑖 − 𝑥𝑗 )𝑍(𝑥𝑗 ), (A.18)

and is computed using a fast Fourier convolution with zero padding 
beyond the domain boundaries.

A.6.  Follower cell diffusion constant

In simulations, we choose a moderate diffusion constant of 𝐷𝑓 =
10𝜇m2 min−1 for follower cells. For one hour of migration, this results 
in a characteristic diffusive lengthscale of

𝓁(60min) =
√

2D𝑓 t =
√

2 × 10 μm2min−1 × 60min =
√

1200 μm ≈ 35 μm.

(A.19)

Thus, with this choice of 𝐷𝑓 , the expected spread of a cell over 
one hour is approximately 3.5 cell lengths (∼ 35𝜇m), though this dif-
fusion is largely attenuated by the follower–follower attraction that is 
also present in the model.

A.7.  Initial conditions

The initial condition consists of a follower bulk trailing a leader pulse

𝜌𝑓 (𝑥, 0) =
𝑓0
2

(

tanh 𝑥−𝑥𝑓𝑎
𝛿 − tanh

𝑥−𝑥𝑓𝑏
𝛿

)

, (A.20)

𝜌𝑙(𝑥, 0) = 𝑙0 exp
(

− (𝑥−𝑥0)2

2𝜎2

)

, (A.21)

with 0 < 𝑥𝑓𝑎 < 𝑥𝑓𝑏 < 𝑥0 < 𝐿, where 𝑓0 = 𝑙0 ≤ 𝜅. In simulations we take 
[𝑥𝑓𝑎 , 𝑥

𝑓
𝑏 ] = [65𝜇m, 870𝜇m], 𝑥0 = 895𝜇m, 𝛿 = 5𝜇m, 𝜎 = 12𝜇m, and 𝑓0 =

𝑙0 = 0.95, yielding a narrow leader peak located just ahead of an ex-
tended follower train (Fig. 2(a)).

Although in this work we have considered fixed values of 𝑓0 and 𝑙0, 
we have verified that our conclusions are robust to variations in both of 
these parameters. In particular, reducing 𝑙0 is, to a good approximation, 
equivalent to reducing the effective follower–leader adhesion strength, 
𝜇𝑓𝑙, since the leader contribution to the non-local adhesion term is pro-
portional to the leader density, as seen in Eq. (2). Although this equiv-
alence is not exact because of the volume-filling term in Eq. (1), the 
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correction is small owing to the limited spatial overlap between the two 
populations. Reducing 𝑓0 likewise has little effect on the long-term dy-
namics, as follower–follower adhesion rapidly drives aggregation un-
til the local follower density approaches the carrying capacity. Conse-
quently, the qualitative behaviour and principal conclusions of the study 
are insensitive to the specific initial conditions chosen.
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