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Abstract
Single and collective cell migration are fundamental processes critical for physiological
phenomena ranging from embryonic development and immune response to wound healing and
cancer metastasis. To understand cell migration from a physical perspective, a broad variety of
models for the underlying physical mechanisms that govern cell motility have been developed.
A key challenge in the development of such models is how to connect them to experimental
observations, which often exhibit complex stochastic behaviours. In this review, we discuss
recent advances in data-driven theoretical approaches that directly connect with experimental
data to infer dynamical models of stochastic cell migration. Leveraging advances in
nanofabrication, image analysis, and tracking technology, experimental studies now provide
unprecedented large datasets on cellular dynamics. In parallel, theoretical efforts have been
directed towards integrating such datasets into physical models from the single cell to the tissue
scale with the aim of conceptualising the emergent behaviour of cells. We first review how this
inference problem has been addressed in both freely migrating and confined cells. Next, we
discuss why these dynamics typically take the form of underdamped stochastic equations of
motion, and how such equations can be inferred from data. We then review applications of
data-driven inference and machine learning approaches to heterogeneity in cell behaviour,
subcellular degrees of freedom, and to the collective dynamics of multicellular systems. Across
these applications, we emphasise how data-driven methods can be integrated with physical
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active matter models of migrating cells, and help reveal how underlying molecular mechanisms
control cell behaviour. Together, these data-driven approaches are a promising avenue for
building physical models of cell migration directly from experimental data, and for providing
conceptual links between different length-scales of description.

Keywords: cell migration, inference, data-driven models, machine learning, active matter,
stochastic dynamics, collective phenomena
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1. Introduction

The vast majority of cells in our body do not move around—
but when they do, it is for an important reason: migrating cells
shape you, they can protect you, but also harm or even kill you.
In development, cells activelymigrate to be at the right place at
the right time, shaping the early embryo [1, 2]. Later on, while
most cells become sedentary, immune cells have a remark-
able ability to migrate through the tightest pores to hunt down
pathogens, protecting you from diseases [3]. Furthermore, all
cells retain the ability to switch to a migratory mode, allowing

them to efficiently close wounds [4, 5]. However, this ability
is hijacked by cancer cells, which migrate during metastasis to
spread to other organs [6–8].

The underlying processes required to make a cell move
are determined by a broad variety of physical phenomena:
the polymer physics of cytoskeletal filaments [9–12], the
reaction–diffusion dynamics of signalling molecules [13, 14],
and the active mechanics of acto-myosin contraction [15–17].
The cellular motility machinery integrates these physical pro-
cesses to push forward the cell membrane, giving rise to over-
all motion of the cell. Much of this machinery is highly con-
served across organisms and tissues [18], giving hope that
understanding the physics of these processes will lead to a
general understanding of cell motility. However, while much
progress has been made in understanding each of these bio-
physical aspects, how these integrate to generate behaviours
at the scale of the cell as a whole remains the subject of cur-
rent research.

An exciting perspective is therefore whether physics can go
beyond explaining the physical components of cellular sys-
tems and provide conceptual and predictive frameworks to
describe the emergent behaviour of cells as a whole. To accom-
plish this, we need to connect physical modelling approaches
across scales and understand how they interplay at the system
level. To achieve such connections in systems with such daunt-
ing inherent complexity, data-driven theoretical approaches
that connect directly to experimental data are emerging as a
fruitful and promising avenue. Put simply, such data-driven
approaches aim to solve the inverse problem of determining an
effective physical description of a system from data. Indeed, in
recent years, a number of studies have started developing data-
driven approaches to learn dynamical models of stochastic
cell migration directly from experimental data. This includes
a wide variety of inference approaches using stochastic infer-
ence, machine learning and dimensional reduction to infer how
cells interact with their environment and with each other. This
field is currently at a unique crossroad: due to advances in nan-
ofabrication, image analysis and tracking technology, experi-
mental studies now yield unprecedented large data sets on cel-
lular phenotypes; and at the same time, there is an increas-
ing pivot among theoreticians to interact directly with exper-
imental data and apply tools such as machine learning and
physics-guided inference approaches to learn from data.

In this article, we take stock of these recent advances and
the outstanding challenges in learning dynamical models of
the stochastic behaviour of single and collective cell migration
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Figure 1. Conceptual approach of learning data-driven models from cellular data sets. Cellular data sets such as cell trajectories, cell shapes
or intracellular markers serve as input to model inference (here shown for the example of a confined cell [19, 20]). This provides a dynamical
systems representation of behaviour, providing constraints for bottom-up models, and a generalisable basis for more complex systems.

directly from experimental data (figure 1). A key challenge for
these approaches is to connect to more classical biophysics
models of cell migration, including soft matter, hydrodynamic,
and mechanical theories. These include mechanistic models
at the single cell level (active gel theory, phase field models,
cellular Potts models); and active matter models at the collect-
ive scale (active hydrodynamics, active particle models, vertex
models). We discuss how inference from data can be connec-
ted and integrated with these physical approaches, and how it
may provide bridges to connect diverse modelling approaches
into a coherent framework for cell migration. As the diversity,
accuracy, dimensionality, and size of these cellular datasets is
rapidly increasing, we expect such data-driven approaches to
play an increasingly important role in building physical mod-
els of single and collective cell behaviour.

First, we provide a perspective of how we envision learning
cell dynamics at the behavioural level will advance our under-
standing of cell migration (section 2). We then review data-
driven approaches to learn the dynamics of single migrating
cells (section 3), and summarise the technical aspects of per-
forming stochastic inference from cell trajectories (section 4).
Furthermore, we will review how these approaches have been
extended to give insight into the variability of cell behaviours
in time and across individuals (section 5). In section 6, we
provide a perspective on how data-driven approaches to emer-
gent cell dynamics can be connected to underlying molecu-
lar mechanisms. Zooming out from the single cell level, we
then review data-driven approaches to describe the inter-
actions between cells (section 7). These examples demon-
strate how combining advances in physical modelling, infer-
ence methods, and high-throughput experimental approaches
can help reveal the underlying physics of what makes
a cell move.

2. Top-down and bottom-up models of cell
migration

In multicellular organisms, individual cells migrate to execute
functional tasks. Thus, cells are programmed to perform cer-
tain behaviours, including for example net motion through
an external environment (migration), changes in cell shape
(morphodynamics), exerting forces on the extra-cellular envir-
onment (traction forces), adaptation to external signals (stim-
ulus response), or the degradation of surrounding matrix poly-
mers (proteolysis). What all these examples have in common,
is that they are performed at the length-scale of the whole
cell and often take place on long time-scales. Here, we refer
to ‘long time-scales’ as those time intervals on which a cell-
scale behaviour takes place (for many cell types on the time-
scales of hours [19]), which are typically much larger than
the typical time-scales of intra-cellular processes (often on the
time-scales of seconds to minutes), such as the polymerisation
rate of a single actin filament (≈0.2µms−1 [21]) or the life-
time of a single focal adhesion (≈20min [22]). On these cell-
and behaviour-level length- and time-scales, cell behaviour
emerges as a consequence of a large number of intra-cellular
processes operating simultaneously. From the point of view
of physical models of cell migration, this complexity means
that molecularly reductionistic approaches are very challen-
ging [23]: precise knowledge of one or several particular sig-
nalling processes and all the associated parameters may not
be predictive for the whole-cell behaviour. This is because
whole-cell behaviours integrate many processes, and develop-
ing quantitative models for all of these processes at once is
unfeasible.

To circumvent this problem, minimal physical models are
often employed, which seek to identify the key mechanisms
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at play and integrate them into quantitative, predictive model.
We refer to these approaches as bottom-up models in this
review, since these approaches start by postulating a set of
rules to describe the various components of a cell and then seek
to predict the emerging behaviour (figure 2(A)) [24]. These
models are typically compared to data by fitting specific para-
meters suggested by the model by comparing predicted and
experimentally measured statistics of the process. Examples
for such bottom-up models are cellular Potts models [25–33],
phase field models [34–39], as well as the molecular clutch
model [40, 41], active gel theories [42–50] and models coup-
ling actin flow, polarity cues, and focal adhesion dynamics [13,
14, 51–58]. We will review these approaches in more detail
in section 6. However, applying these types of models dir-
ectly to experimental observations is challenging: depending
on the implementation, these models may have many paramet-
ers that are difficult to constrain based on experimental data.
To avoid this, models are frequently tailored to capture a par-
ticular aspect of the data, but it has often remained difficult to
capture the full long time-scale dynamics of the cells, or how
these dynamics adapt to external inputs.

An alternative to mechanistic models are data-driven top-
down approaches, which systematically constrain model can-
didates using experimental data (figure 2(B)) [24]. Naturally,
top-down approaches tend to provide a more phenomenolo-
gical description of the system since they are typically based
on experimental data at the cellular or tissue scale rather than
the molecular scale. An example of a top-down approach are
models inferred directly from measured cell migration traject-
ories. The resulting phenomenological description based on
such data therefore effectively coarse-grains over the molecu-
lar detail. Generally speaking, phenomenological theories in
physics have often generated conceptual understanding that
remained elusive in the reductionist approach, an idea that
was famously articulated by Phil Anderson in his essay ‘More
is different’ [23]. Indeed, different levels of description can
be relevant at different time- and length-scales, suggesting
that the molecularly reductionistic approach is not the only
way of modelling a system, but phenomenological descrip-
tions could be very helpful at the large time- and length-scales
of cellular behaviours. Following this philosophy, we argue
that top-down approaches are a promising direction to develop
quantitative frameworks for cell behaviour. We argue that
these top-down approaches should ideally have the following
properties:

• Data-driven: to provide a phenomenological description
of a cellular system without reference to specific molecu-
lar processes, top-down approaches need to be constrained
by experimental data. An important aspect of a data-driven
approach is the degree of ‘rawness’ of the data that is used
for inference. An approach that uses essentially the full
range of spatial and temporal information that character-
ises a process—such as the full trajectory of a migrating
cell—will be more powerful at distinguishing models than
an approach that uses processed statistics derived from the
data—such as fitting a correlation function. Such inference
from raw data requires both a sufficiently general inference

Figure 2. Bottom-up vs top-down approaches for model
development. (A) Bottom-up approaches start from postulated
underlying physical principles, such as symmetries, conservation
laws or specific known or hypothesised mechanisms. Based on these
principles, a mathematical model is formulated, which predicts
certain features of systems quantified by statistics such as the
mean-square-displacement (MSD) of a cell). To fit the model
parameters, a fitting procedure that compares predicted and
experimentally measured statistics is used. (B) Top-down
approaches use experimental data as a starting point. These data are
passed to an inference or learning algorithm, which performs model
selection and estimation of dynamical terms directly from
experimental data. The resulting inferred model is then tested by
comparing measure and predicted statistics that have not been used
in the inference procedure. Reproduced with permission from [24].

techniques as well as high-quality quantitative datasets of
cell behaviours.

• Unbiased and model-agnostic: a central idea in top-down
approaches is that they should be agnostic with respect to the
underlying molecular or mechanistic basis of the behaviour.
Thus, the starting point of an inference approach should be a
sufficiently general class of different models, and the infer-
ence should select the most likely model based on the avail-
able data. This aspect distinguishes inference or learning
approaches from parameter fitting of a bottom-up model.
In parameter fitting, the quantitative values of paramet-
ers of a single model candidate are determined. Inference
approaches should be able to distinguish between multiple
qualitatively different possible models.

• Predictive: while a given model may be constrained using
data, it should then also be able to predict new observa-
tions beyond the data that were used to constrain it. Tests
of predictive power have two distinct roles: firstly, making
predictions for the same experimental data set used to con-
strain the model, but for statistics that were not explicitly
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used in the inference, allows testing whether the model
provides a meaningful representation of the cellular beha-
viour. Secondly, performing predictions for new experi-
ments tests the usefulness of the model to provide a gen-
eralisable basis for new systems.

There has been a recent surge of activity in developing such
data-driven, unbiased approaches in a number of other bio-
logical systems across scales, including protein folding [59,
60], chromosome organisation [61–63] and dynamics [64–
66], neural systems [67–70] and animal behaviour [71–75].
In recent years, the abundance of data-sets of dynamical sys-
tems across the disciplines has been rapidly increasing. This
has led to the development of data-driven methods to infer the
underlying dynamics of complex systems directly from exper-
imental data, including deterministic [76–80] and stochastic
trajectories [75, 81–91], spatially extended fields [92, 93], and
morphological dynamics [72–74]. We argue that there are four
key challenges that inference approaches for cell behaviour
could help address, based on which we organise the structure
of this review (figure 1):

(1) Owing to the intrinsic stochasticity and variability of cell
behaviours, a key challenge is to identify what consti-
tutes a ‘typical’ behaviour. Data-driven approaches could
provide analysis tools for unbiased, quantitative charac-
terisation, classification, and observation of cellular beha-
viours. Examples for cellular readouts are cell persist-
ence in two-dimensional (2D) migration [13, 94], trans-
ition times and occupancy probabilities in confined migra-
tion [19, 20], movement biases in directional migra-
tion [95], and collision outcomes in cell–cell interac-
tions [96–98]. We discuss how data-driven approaches can
provide readouts of typical behaviours (section 3) and of
their variability (section 5).

(2) Due to the emergent nature and underlying complex-
ity of cell behaviours, it is often unclear what the right
quantitative concepts are to describe a particular observed
behaviour. Data-driven approaches could yield concep-
tual frameworks to think about cell behaviours by identi-
fying underlying quantitative concepts that can be used
to describe cell dynamics. Examples for such concepts
in the context of freely migrating cells on 2D substrates
are the persistent random motion model [94, 99, 100],
Lévy flights [101], and intermittent dynamics [13].Wewill
review these models and their biological implications in
section 3, and discuss methods for model inference more
generally in section 4.

(3) Phenomenological models which are constrained in an
unbiased and data-driven manner could furthermore yield
strong constraints for bottom-up models for the under-
lying mechanistic basis of the behaviour. These mech-
anistic models come in different flavours, from minimal
mechanical models to active polar gel theories and com-
plex computational implementations. A central difficulty
in connecting these models to experiments is that they
are frequently under-constrained and over-parametrised.
Phenomenological descriptions could provide much more

precise ‘targets’ for mechanistic approaches by introdu-
cing stronger constraints. Furthermore, they could be used
to test conceptual modelling assumptions or approxima-
tions, and thus give insight into the key biological pro-
cesses in a given system. We will discuss this connection
in section 6.

(4) Finally, data-driven frameworks may provide systematic
frameworks to address increasingly complex questions,
making it possible to add complexity step-by-step. For
example, to describe the dynamics of interacting cells,
it may be useful to have a theory for the dynamics of
single migrating cells. We will discuss how data-driven
approaches can help quantify the behavioural variability of
migrating cells in section 5 and identify models for cell–
cell interactions section 7.

3. Learning the stochastic dynamics of single cell
migration

3.1. An equation of motion for freely migrating cells

The simplest possible experiment that could teach us some-
thing about cell migration behaviour is perhaps the motion
of isolated single cells on a uniform 2D substrate. This is
of course not a common setting in physiological processes,
in which cells typically encounter heterogeneous, confining
three-dimensional (3D) environments—yet it is the archetypal
cell migration experiment that has taught us much of what we
know about migrating cells. We will turn our attention towards
the description of systems that include spatial structures in the
next section. Here, we will review what we have learnt from
2D cell migration, and how this may provide a generalisable
basis to describe more complex systems.

Even in the simple environment of a uniform 2D substrate,
the migration of single cells is non-trivial, as it is powered by
a complex cytoskeletal assembly. To study migrating cells,
a natural avenue is to focus on the underlying biochemical
and biophysical mechanisms, and the molecular pathways
underlying them. For this endeavour, the simple scenario of
free 2D cell migration was key, and the insights gained have
been reviewed elsewhere [102]. An alternative, however, is
to zoom out from the molecular level to the behaviour at the
cellular scale and to measure the overall motion of the cell.
Characterising these system-level dynamics could then teach
us about typical behaviours of cells, which may eventually
help understand how such emergent behaviours are generated
by the underlying molecular players.

A simple way to quantify the dynamics of migrating cells
is a reduction to a single variable: the position of the cell
as a function of time, i.e. the trajectory x(t) of its nucleus
or centroid (figure 3(A)). The first cell tracking experiments
were performed over a century ago [103, 104] (see [100] for
a review). At this level, all other putative cellular degrees of
freedom (DOFs), such as the cell shape, cytoskeletal organ-
isation, and traction forces, remain unobserved. The trajectory
of the cell is thus a minimal representation of a behaviour: it
is observed at the cellular scale, and over long time-periods
compared to the time-scales of the internal dynamics. One of
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Figure 3. Free 2D cell migration. (A), (B) 2D trajectories of single
migrating MDA-MB-231 cells and of simulated cells based on the
persistent random motion model, respectively. Inset in (A):
brightfield microscopy image of a migrating MDA-MB-231 cell.
Data from [19]. (C), (D) mean square displacement curves
calculated from experiment and the persistent random motion model
(equation (3)), respectively. Black lines indicate the limits of
ballistic and diffusive motion.

the simplest statistics often derived from stochastic trajector-
ies is the mean-square-displacement (MSD), which in many
scenarios follows a power-law:

⟨[x(t)− x(0)]2⟩ ∝ tα. (1)

The exponent qualifies the type of random motion observed:
α< 1 corresponds to subdiffusive, α= 1 to diffusive, 1< α <
2 to superdiffusive and α= 1 to ballistic motion. Some of the
earliest cell tracking experiments by Fürth in 1917 revealed
that the active motion of protozoa exhibit a mix of determ-
inistic trends, visible as persistent segments, and seemingly
random, stochastic components [104]. By considering the con-
tinuum limit of a minimal model of a persistent randomwalker
on a lattice (figure 3(B)), he showed that such behaviour pre-
dicts an MSD of the form [100, 105]

⟨[x(t)− x(0)]2⟩= A
(
t/τp + e−t/τp − 1

)
. (2)

Thus, the MSD exhibits signatures of ballistic motion (α= 2)
at short time-scales and diffusive motion (α= 1) at long time-
scales (figure 3(D)). Indeed, equation (2) provides a good
first approximation to the MSD of cell migration trajector-
ies (figure 3(C)) and has been used to fit a broad range of
cell types [99, 105, 106]. More recent measurements indicate
more complex behaviours including superdiffusive behaviour
with fractional diffusion exponents 1< α < 2 [101, 107–111],
which we discuss further below.

By measuring the MSD, one can recover two key para-
meters that characterise the behaviour: the persistence time

τp, which quantifies the time over which correlations in the
cell velocity decay, and the diffusion coefficient D= A/2dτp,
where d is the dimensionality. These parameters are frequently
used to quantify cell migration, for example to determine the
effect of pharmacological treatments of cells, or to contrast
different cell types. However, only measuring the MSD is not
sufficient to determine a model of cell migration: many under-
lying mechanisms can give rise to the same MSD [111], sug-
gesting that additional statistics are required to determine a
model from data. Ideally, we would like to obtain an equation
of motion of the cell that predicts all features of the trajector-
ies. To constrain such an equation of motion model, we must
therefore use additional information contained in the traject-
ories x(t) than just the MSD.

The appropriate mathematical framework to think about
such equations of motion are stochastic differential equations.
A simple model that predicts an MSD of the form of
equation (2) is an equation of motion for the cell velocity
v= dx/dt, the persistent random motion model:

dv
dt

=− 1
τp
v+ση (t) (3)

where η(t) is a 2D Gaussian white noise, with ⟨ηi(t)⟩= 0 and
⟨ηi(t)ηj(t ′)⟩= δijδ(t− t ′), where δij is the Kronecker delta,
and δ(t− t ′) is the Dirac delta function. This equation of
motion predicts the cell acceleration as a function of its velo-
city and generates trajectories similar to those observed in
experiments (figures 3(A) and (B)). It consists of two com-
ponents: a deterministic contribution (first term on the right-
hand side), which accounts for the cell persistence, and a
Gaussian white noise term (second term on the right-hand
side), which accounts for the stochasticity of the motion. This
equation predicts the MSD in equation (2) with A= 2σ2τ 2

p .
However, equation (3) also predicts many other features of
the trajectory dynamics. Specifically, it predicts a Gaussian
steady state probability distribution of velocities p(v) with
a variance τpσ

2/2, and a velocity auto-correlation function
⟨v(t)v(t ′)⟩ that decays as a single exponential with a time-
scale τp. Furthermore, it makes a specific prediction about
the conditional average of the observed cellular accelerations,
i.e. the average of the instantaneous acceleration for each
observed instantaneous velocity:〈

∆v
∆t

∣∣∣∣v〉≈− 1
τp
v. (4)

This relation is not exact, but approximate, since it neglects
the effects of discretisation: the derivatives v=∆x/∆t and
∆v/∆t typically cannot be measured exactly, but are estim-
ated through numerical differentiation of the position traject-
ories x(t). This leads to non-trivial discretisation effects [86,
112], which we neglect in equation (4) and discuss in detail
in section 4 (see equation (14)). These additional statistics
provided by equation (4) can thus be used to systematic-
ally constrain models for 2D cell migration in a data-driven
manner. For example, calculating the conditional average on
the left-hand side in equation (4) can constrain the determ-
inistic term of the description: in principle, the dependence
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Figure 4. Inference of a dynamical model of 2D cell migration. (A) Observation and tracking step: microscopy image of human dermal
keratinocytes (HaCaT) and corresponding nucleus trajectories (scale bar: 200µm). (B) Inference step: mean and standard deviation as
function of speed of the following quantities: average components (calculated using the left hand side of equation (4)) parallel (red) and
perpendicular (green) to the direction of motion, and stochastic components parallel (blue) and perpendicular (magenta), providing an
estimate of σ(v). Solid curves show the same quantities, plus/minus one standard deviation, calculated from the inferred model
(equation (5)). (C) Prediction and validation step: experimental (blue) and predicted (red) velocity auto-correlation function. Reproduced
with permission from [100]. Copyright © 2008, EDP Sciences/Societá Italiana di Fisica/Springer-Verlag. CC BY-NC 2.0.

of acceleration on velocity could be non-linear, and this ana-
lysis would reveal such an effect in a model-independent man-
ner. Similarly, the magnitude of the stochastic noise term σ
can be inferred from the variance of the fluctuations in the
trajectories.

As our measurements of cell trajectories have become
increasingly accurate and computer-based tracking has
allowed generating large sets of such data, a number of
statistical features that are not predicted by the persistent
random motion model (equation (3)) have been identified.
Specifically, the velocity distributions of cells are typically
not Gaussian, but exhibit exponential tails [113, 114] and the
velocity auto-correlation is not exponential, but typically bi-
exponential [94]. To build a model of free 2D migration that
captures these anomalous features, a data-driven approach
to learn an equation of cell motion directly from data was
proposed by Selmeczi et al [94] (figure 4). For this, the con-
ditional average of the acceleration (equation (4)) provides a
strong constraint on the model (figure 4(B)). Based on this,
the authors determined the simplest model consistent with all
the observed statistics, which contains an additional memory
term in the velocities. We therefore refer to it as the persistent
memory model. Specifically, the authors identified the follow-
ing equation of motion based on the data:

dv
dt

=−β (v)v+α2
ˆ t

−∞
dt ′e−γ(t−t ′)v(t ′)+σ (v)η (t) (5)

where the multiplicative noise σ(v) is interpreted in the
Itô sense [115]. Here, the first term provides a (speed-
dependent) time-scale τ = β−1(v) on which the velocity fluc-
tuates around zero, like in the persistent random motion
model (equation (3)). The second term is a memory ker-
nel, which depends on past velocities with a memory time-
scale γ−1. These two time-scales then give rise to a bi-
exponential velocity auto-correlation, as observed experiment-
ally (figure 4(C)). Furthermore, this inferred model captures

various other anomalous statistics, including the non-Gaussian
speed distribution. Similar results were subsequently also
found in 2Dmigration of the amoebaDictyostelium [100, 116–
118] and breast cancer cells [19]. Notably, these various stud-
ies showed that while the overall form of equation (5) is con-
served across cell types, the functions β(v) and σ(v) had qual-
itatively different shapes for different cell types.

The most remarkable feature of the persistent random
motion and the persistent memory models for free 2D cell
migration is the drastic reduction in complexity achieved.
Small and fast dynamics of the cell contour appear as dynam-
ical noise (not to be confused with technical noise or meas-
urement error), and only a small number of parameters are
necessary to accurately capture cell motion at the level of tra-
jectories. The data-driven development of these models there-
fore formalises concepts such as persistence and cellular fluc-
tuations. Indeed, an important step in the inference procedure
was to disentangle the deterministic (average) and stochastic
(fluctuating) components of the dynamics. Decomposing these
two contributions is a key advantage of learning the stochastic
equation of motion of the system, and then allows interpreta-
tion of each component.

Such data-driven, quantitative frameworks for 2D cell
migration are useful in several ways. First, they provide
a benchmark for characterising the behaviours of different
cell types and determining the effects of drug treatments or
genetic perturbations. Secondly, the structure of the inferred
model can give insight into the underlying cell dynamics.
Importantly, the memory kernel indicates that knowing the
current state of motion (determined by the velocity v(t) at
time t) is not enough to predict future cell motion, but the
history of the process (up to a time-scale given by γ−1) also
needs to be considered. This memory is presumably encoded
in the polar structure of the cell, corresponding to unobserved
associated variables that render the dynamics of cell position
and velocity non-Markovian (see section 3.4). Importantly,
determining equation (5) from the data yields a quantitative
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description of how these latent variables affect cell motion.
Thus, this description can now provide constraints for bottom-
up models that seek to connect mechanisms to overall motion.
We will discuss this avenue in more detail in section 6.

Alternatives to this persistent random memory framework
also exist in the literature. These have primarily been motiv-
ated by the observation of fractional diffusion exponents 1<
α < 2 of the MSD (equation (1)), indicating superdiffusive
behaviour [101, 107–111]. Multiple alternative explanations
for superdiffusive exponents have been put forward [111]:
(1) cell-to-cell variability of cell motility parameters, leading
to a distribution of cross-over time-scales in the ensemble-
averaged MSD [109, 119, 120] (see section 5.1 for a detailed
discussion). (2) Lévy walk models, i.e. run-and-tumble mod-
els with a power-law distribution of step lengths [121],
which were shown to capture the dynamics of T-cell migra-
tion [101, 110]. (3) Fractional diffusion equations, i.e. repla-
cing the Fokker–Planck formulation of equation (3) with a
fractional Klein–Kramers equation containing fractional time-
derivates [107]. This highlights that the type of description
may vary depending on the cell type, but also that mul-
tiple descriptions of the same data set may be possible, rais-
ing the need to explore connections between these descrip-
tions and for principled inference approaches that can distin-
guish alternative scenarios. In the context of superdiffusive
motion, an approach to distinguish hypotheses (1) and (2) has
been proposed, which concluded that superdiffusive motion
of fibroblasts was caused by cell-to-cell variability rather
than Lévy walk behaviour [111]. Finally, stochastic equation
of motion frameworks have also been extended to capture
biased random walks for directional cell motion such as
chemotaxis [122–124].

While the persistent random motion framework is intuit-
ive and is frequently used to describe cell migration, the aim
of the approach outlined in this section was to determine a
dynamical model for single cell migration without such prior
intuition, directly from data. More specifically, the aim was to
learn an equation of motion from the stochastic cell trajector-
ies. This places this work into a general class of inverse prob-
lems where the aim is to derive a physical description from
data in an unbiased manner. This inference principle is a key
technique whose full power becomes apparent when used with
more general inference methods and on complex data sets.
We are by no means constrained to infer cell acceleration as
a function of velocity: what if the migration takes place in a
complex structured environment? Then, other DOFs, such as
the cell position, can be used as conditioning variables. We
can therefore infer how cellular responses (measured in accel-
erations) depend upon the local geometry or structure of the
environment (measured by position). We will discuss such an
approach in section 3.2. Furthermore, we can imagine track-
ing other DOFs of the cell beyond its position, for example
protrusions and retractions, or even spatially extended vari-
ables such as shape or internal concentration fields. Deriving
the equations of motion of these DOFs, and their coupling to
each other and to the environment, could yield key insights
into cell behaviour. This approach could provide more direct

connections with mechanistic models (see section 6). Finally,
new inference techniques also allow for inference in high-
dimensional and interacting systems [85, 86], which could
be used to learn the dynamics of interacting cells in collect-
ive migration (section 7). The data-driven persistent random
motion framework introduced in the previous section estab-
lishes a conceptual basis to understand these other approaches,
which become increasingly complex when we go beyond this
simple stochastic process. Inferring an equation of cell motion
based on experimental trajectories has helped to elevate per-
sistent random cell motion from a concept into a theory, mean-
ing that we progress from a somewhat fuzzy intuition to a
mathematical equation that makes falsifiable predictions that
can be tested on the data.Wewill highlight avenues for achiev-
ing something similar for more complex systems. For this, we
will first turn to the example of a single cell migrating in a
standardised structured environment, allowing inference of its
interaction with external features. To enable going through
such an example in detail, we will discuss a biased selec-
tion of the literature and focus on our work of learning the
equation of motion of a cell confined in a two-state micro-
pattern [19]. In the following sections, we will then discuss
the much broader literature on inferring cell-to-cell variabil-
ity, connecting to bottom-up models, and learning models of
collective migration.

3.2. Experimental approaches for cell migration in structured
environments

Cell migration on unstructured 2D substrates provides an
important benchmark for how to think about cell migration
dynamics, and its simplicity has allowed significant theoret-
ical progress. However, in physiological processes, cells do
not encounter such unstructured environments: they navigate
extra-cellular environments that are complex, structured, and
confining. These include collagen matrices, bone marrow, or
blood vessel linings [6]. Thus, if we want to understand cel-
lular dynamics in physiological processes, we need to study
confined cell migration. Cell migration in 3D extra-cellular
matrices (ECMs) has been studied extensively (see reviews
in [125–127]). However, these matrices are spatially hetero-
geneous, and thus single cells will only rarely encounter the
same obstacle twice. While some studies have made progress
on quantifying cell trajectories through ECM [128] as well as
bacterial motion through heterogeneous porous media [129,
130], it is in general difficult to gather sufficient statistics to
understand how the local microstructure determines the cell
behaviour. A popular approach to study confined migration
while keeping the extra-cellular environment as simple as pos-
sible, are in vitro artificial confining geometries. Such geo-
metrical confinements can be implemented using micropat-
terning, 3D printing, or microfluidics, and can be designed
to expose cells to challenges such as overcoming a constric-
tion or navigating a maze. Overcoming such challenges is an
inherent feature in in vivo contexts, and is clearly an aspect
that is missed by studying cells in featureless 2D surfaces. In
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Figure 5. Experimental approaches for studying confined cell migration. 2D confining geometries of cells are typically designed using
micropatterning, in which a region of defined geometry is coated with a cell-adhesive protein, fibronectin, while the surroundings are
passivated with cell-repellent PEG-PLL polymers [135, 136]. To study cell migration, such micropatterns have been used in the shape of 1D
lines [145, 146], stepped lines with varying protein coating density [58], varying lateral confinement [148], series of triangles in a
ratchet-like arrangement [95, 149, 150], two-state micropatterns [19, 20], and 2D networks of 1D lines [151]. 3D confinements to study cell
migration include 3D extracellular matrices, micropillar arrays, suspended fibres [142–144], multiple-choice microchannels [138, 139, 152],
as well as textured microchannels [140]. In these 3D confining systems, there is not only basal, but also lateral confinement, causing among
other things deformation of the cell nucleus when cells migrate through constrictions.

this section, we will give a brief overview over the key exper-
imental approaches to study confined cells in vitro, before
turning to inference approaches for confined migration. For
in depth discussions of the experimental and technical aspects
of artificial cellular confinements, please refer to reviews in
[131–134].

Artificial systems to study confined migration include 2D
micropatterns [135, 136], microfluidic devices [137], 3D con-
finements [138–140], micropillar arrays [141], and suspended
nanofibres [142–144] (figure 5). These systems allow monit-
oring of large numbers of cells migrating in identical, stand-
ardised structured environments, yielding unprecedented large
data sets on cell behaviour. Micropatterning provides a simple
way to confine cells: using differential surface coatings, one
can define areas to which cells can adhere, surrounded by
cell-repellent regions. With this technique, confinements of
arbitrary geometrical shape can be produced, giving access
to a wide variety of systems. One of the simplest migra-
tion experiments usingmicropatterns is confinement to narrow
stripes [145]. In such effectively one-dimensional (1D) con-
finements, cells typically perform persistent random motion
in 1D [146]. This 1D mode of migration has been proposed
as a model for aspects of cell migration in 3D ECMs: in 3D
matrices, cells frequently encounter narrow channels through
which they migrate, reminiscent of an effective 1D confine-
ment [143, 146, 147]. Indeed, the morphology of cells on
narrow 1D lines is highly stretched, similar to morphologies
observed in 3D, which do not feature the broad fan-like lamel-
lipodia observed on 2D substrates [143, 147, 153]. To under-
stand decisionmaking alongmultiple possible paths, networks
of such micropatterned 1D lines have been introduced [151].
However, unlike 1D lines, physiological extra-cellular envir-
onments are structured, for example through the presence of

thin constrictions through which cells need to squeeze dur-
ing migration [8, 154–156]. To study the response to such
constrictions, micropatterned lines with periodic modulations,
or gaps, which cells need to overcome have been developed.
For example, ratchet-like confinement geometries were found
to rectify the direction of motion of cells [95, 149, 150, 157],
a process termed ratchetaxis (see [158] for a review). Using a
microfluidic confinement with walls featuring similar ratchet-
like modulations, a novel mode of migration relying on fric-
tion with the local topography of the walls was revealed [140].
Increasing the complexity of the environments even more,
experimental systems have been developed to study how cells
make decisions at junctions featuring either two symmet-
ric [152] or several constrictions of varying widths [138, 139],
which revealed the intra-cellular processes involved in cellular
decision making in such systems. Finally, another approach to
study cells overcoming constrictions is to consider geometries
where the boundaries on both sides are closed, meaning that
the cell has to turn around and make transitions back and forth
across the same constriction. This was done using two-state
micropatterns, which have the advantage that long trajectories
of subsequent transitions can be obtained [19, 20].

These experimental approaches using standardised confine-
ments have given insight into intra-cellular processes [138,
139] and have yielded quantitative cellular readouts, for
example the degree of directionality in ratchetaxis [95],
switching rates between run and rest states on 1D lines [159],
or transition rates in two-state micropatterns as a function of
the geometry [19, 20]. Based on our discussion of free 2D cell
migration, a key challenge to go beyond cellular readouts from
confined migration experiments is to develop an equation of
cell motion that accounts for structured environments. In this
case, the terms of the equation of motion will depend on both
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Figure 6. Inferring an equation of confined cell motion. (A) Observation and tracking step: human breast cancer cells (MDA-MB-231) are
confined to two-state micropatterns and imaged at 10min time intervals (scale bar: 25µm). Bottom: nucleus trajectories as a function of
time, plotted for a (0, 50 h) interval. (B) Inference step: single-cell trajectory in xv-space (blue line) and recorded data points from a large
data-set of cells (lightblue points, top). Averaged together, this gives the deterministic term F(x,v) (bottom). (C) Prediction and validation
step: trajectories predicted based on the inferred model (top); experimental (blue) and predicted (red) survival probability S(t), measuring
the probability that a transition across x= 0 has not occurred after time t (middle); normalised velocity auto-correlation functions (bottom).
(D) Interpretation of the inference results: trajectories (green) of the deterministic dynamics for a number of different initial conditions. The
flow field is shown by arrowheads, where acceleration is orange and deceleration is blue; shown for MDA-MB-231 cells (top), MCF10A
cells (middle); and MDA-MB-231 cells migrating in a system without constriction.

the position and velocity of the cell. As these cells solve the
challenge of navigating their confining environment, the terms
of the equation of motion give insight into how cells dynam-
ically solve this problem and thus encode how it responds to
the structures in its environment, which we will discuss in the
next section.

3.3. Dynamical models of confined cell migration

Learning a data-driven model of confined cell migration
requires large data sets of trajectories, which can be obtained
using minimal in vitro confinements. In previous work, we
used two-state micropatterns as a minimal system to study
how cells overcome thin constrictions in confining environ-
ments [19]. To provide a pedagogical example of how one can
learn an equation of motion from confined cell migration data,
we will discuss this example here in more detail. These micro-
patterns consist of two square adhesive islands connected by a
thin adhesive bridge (figure 6(A)). This setup leads to repeated
stochastic transitions of the cells between these two islands,
with large variability both over time and across cells. Based
on the trajectories of these cells, we then developed a general-
isation of the persistent randommotionmodel (equation (3)) to
the problem of confined migration. An important assumption
in the persistent random motion model is the uniformity and
isotropicity of space: the cellular dynamics are assumed to be
independent of position, and the same in all directions. Clearly,
these assumptions are no longer valid in structured systems.
This suggests a more general formulation of an equation of

cell motion for confined migration, in which the dynamics can
also depend on the position x of the cell, which we refer to as
an equation of confined cell motion:

dv
dt

= F(x,v)+σ (x,v)η (t) (6)

where F(x,v) is a generalised version of the deterministic
term in equation (3), and σ(x,v) is the amplitude of the
stochastic fluctuations. Note that in the presence of state-
dependent noise, meaning that σ(x,v) is not a constant, the
inferred deterministic term depends on the chosen noise-
convention [115]. Here and throughout the text, this equation
is interpreted in the Itô sense, but note that the inferred determ-
inistic term F would differ in the Stratonovich convention if
the noise is v-dependent. Put simply, F(x,v) is the average
acceleration of the cell as a function of its position x and its
velocity v. Importantly, other descriptions for the dynamics
are in principle possible, and this postulated equation could be
incorrect. Thus, once a model of this form has been inferred,
one has to test its predictive power and contrast it with that of
alternative descriptions, which we discuss below. Note that in
this case, the dynamical description is 1D, as the lateral dimen-
sions are highly constrained by the pattern. Furthermore, we
here start with a memory-less description, which is simpler
than the memory kernel equation of motion for 2D migra-
tion (equation (5)). Thus, the inference procedure starts with
the simplest model which is only modified when the data
demands it. The aim is now to determine the structure of the
dynamical terms F and σ in a completely data-driven method
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based on the experimental trajectories. Specifically, to a first
approximation, the deterministic term of this equation can be
inferred using a conditional average of the observed cellular
accelerations:

F(x,v)≈
〈
∆v
∆t

∣∣∣∣x,v〉 (7)

which is the generalised formulation of equation (4) for
an equation of motion with positional dependence. As in
equation (4), this relation is approximate as discretisation
effects are neglected here for simplicity [86]; see equation (14)
for a more technical discussion on how these effects can
be removed. The simple grid-based binning approach sug-
gested by equation (7) works as follows: the trajectories are
represented in the position–velocity phase space, which is
split into bins using a regular grid (figure 6(B), top). In
each bin, the average acceleration is measured (equation (7)),
giving the deterministic term F(x,v) (figure 6(B), bottom).
Similarly, by calculating the standard deviation of fluctuations,
the stochastic term σ(x,v) can be inferred. Note that a more
data-efficient approach using on a set of smooth basis func-
tion such as polynomials or Fourier components can also be
used, which we discuss in section 4.1.

Importantly, while the experimental data is used to con-
strain the shape and parameters of the deterministic dynam-
ics F(x,v), there is no guarantee that this approach yields an
adequate representation of the dynamics of the system over a
broad range of time-scales: the inference approach relies on
the assumption that the dynamics of the system can in fact be
described by the equation of motion equation (6), which could
fail in many ways.

On the one hand, the dynamics could be more complex
and could require additional memory terms [94], a time-
dependent description [109], or an explicit description of
the cell-to-cell variability [128]. To test the validity of this
description, we therefore need to perform a test of predict-
ive power. Specifically, to perform the inference, we con-
strained the equation of motion solely based on the short time-
scale information provided by the experimental trajectories,
including the velocities and accelerations of the cell. Thus,
as an independent test of the model [19, 94], we predict stat-
istics quantifying the cell behaviour on long time-scales, for
example the distribution of transition times or the velocity
auto-correlation function, which all capture the experiment-
ally observed statistics (figure 6(C)).

On the other hand, the dynamics could also be simpler and
we have to ensure that we identified the simplest model con-
sistent with the data. To address this, we increased the com-
plexity of inferred models step-by-step and ruled out the pos-
sible simpler models. For instance, an alternative inference
based on a first order equation of motion (for dx/dt as opposed
to dv/dt) was unable to capture the data. Furthermore, simpli-
fications of the general non-linear term F(x,v) into a separ-
able form F(x,v) = Fx(x)+Fv(v), as would be the case for a
conservative potential V(x), such that Fx(x) =−∂xV(x), were
inconsistent with the data. Based on this, we concluded that
equation (6) was the simplest model that could capture the

data. These examples already show how exploring models that
do not describe the data can be very instructive, as they allow
to rule out simple hypotheses.

In the example of the confined cell problem, we found that
an insightful representation of the system can be achieved
by examining the deterministic dynamics of the system
in a phase-portrait of position and velocity (figure 6(D)).
Intuitively, onemight expect that the hopping behaviour across
the thin constriction placed by the micropattern could be gen-
erated by a noisy cellular activity competing with an effective
energy barrier placed by the constriction. Strikingly, however,
the inferred map of the deterministic accelerations reveals
that cells have a tendency to accelerate into the constriction.
In fact, the flow field of the deterministic dynamics exhib-
its an excitable flow, where a small noise-driven perturba-
tion leads to a large excursion in the phase space due to a
deterministic amplification of the cell speed. This amplifica-
tion is observed in both cancerous (MDA-MB-231) and non-
cancerous (MCF10A) cells, suggesting that it may be a generic
cellular response to thin constrictions. Indeed, in systems in
which the constriction is removed, the amplification vanishes
(figure 6(D), bottom). This approach also reveals that the non-
linear dynamics are poised close to a bifurcation between a
limit cycle and a bistable system. Interestingly, different cell
lines exhibit behaviours on both sides of this transition: MDA-
MB-231 cells exhibit a limit cycle, while MCF10A cells show
excitable bistable dynamics. Thus, the deterministic phase-
portrait implies that the cancerous cells have a stronger tend-
ency to overcome the constriction, while the non-cancerous
cells rely on stochastic fluctuations to perform transitions.
Interestingly, cancerous cells treated with tumour suppressor
microRNA 200c were recently shown to undergo the same
transition [160], highlighting how this data-driven approach
can be used as a read-out of cell behaviour.

In the next section, we will discuss how we can use these
insights to quantify and characterise the striking variability
in the observed cell behaviours, which are already apparent
at the level of the cell trajectories. Moreover, this approach
could help advance our understanding of locomotion at the
molecular level by providing constraints for bottom-upmodels
that connect microscopic rules to the system-level dynamics
of cells. Finally, the insights gained based on this framework
could provide a generalisable basis to investigate the dynam-
ics of assemblies of interacting cells. We will discuss both of
these aspects in the following sections.

3.4. Why do cell migration dynamics appear to be
underdamped?

The equation for 2D persistent random motion (equation (3))
and the equation of motion for confined cell migration
(equation (6)) share a key feature: both are stochastic differ-
ential equations that are second-order in time, and therefore a
manifestation of the underdamped Langevin equation. These
equations predict the acceleration as a function of position and
velocity. This is in contrast to first-order stochastic equations
of motion which are frequently used to describe the motion of
overdamped Brownian systems subject to thermal noise [161].
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For such overdamped Brownian systems, the effects of inertia
can be neglected at time-scales larger than the velocity relax-
ation time m/ζ, where ζ is the friction coefficient and m is the
mass of the particle. Therefore, friction is directly equatedwith
the sum of thermal and external forces, yielding a first-order,
overdamped Langevin equation. However, the same physical
argument applies to migrating cells: the forces acting on cells,
including frictional forces, are much larger than the inertial
term mv̇, and thus we can take m≈ 0 to a very good approx-
imation. Why then are cell migration dynamics described by
underdamped equations of motion?

An underdamped equation describes a process in which
velocities have temporal correlations, and do not just follow
a white noise process as in overdamped systems. Physical
inertia is one way of introducing temporal correlations, as
the inertia prohibits instantaneous reversals of direction, and
instead introduces a characteristic time scale to adjust velo-
cities. Similarly, cells do not instantaneously change their dir-
ection if they are in a polarised state, meaning that polarisa-
tion gives rise to a kind of ‘effective inertia’. To be precise,
the cell’s propulsive forces constitute a stochastic process with
correlation time-scales similar to the migration time-scales,
and therefore introduce correlations in the cell velocities.

This idea can be demonstrated with a very simple model of
the overdamped dynamics of a confined migrating cell that is
driven by a self-propulsive cell polarity P(t) [162],

ẋ= f(x)+P(t) (8)

Ṗ= g(x,P)+ση (t) (9)

where f (x) are the forces acting on the cell in a confining
environment, and g(x,P) is a general formulation of polarity
dynamics that may depend on both the current polarity and
the position of the cell. Here, P(t) subsumes all of the subcel-
lular processes mentioned above that determine the direction
of self-propulsion of the cell. Then, taking the derivative of
equation (8) and substituting equation (9), we obtain:

v̇= f ′ (x)v+ g(x,v− f(x))︸ ︷︷ ︸
F(x,v)

+ση (t) . (10)

This shows how an overdamped particle that is driven by
underlying time-correlated polarity dynamics exhibits effect-
ive underdamped stochastic dynamics. The deterministic term
F(x,v) is determined by a non-trivial combination of the con-
finement forces f (x) acting on the cell and the polarity dynam-
ics g(x,P). Importantly, this also means that we should not
think of the deterministic term F(x,v) in equation (6) (and
equivalently the term−τ−1

p v in equation (3)) as physical force
fields, but as an acceleration field that is determined by the
underlying time-correlated machinery of the cell [162].

The underlying molecular processes that determine the cell
polarity P(t) are complex, but can be understood as an inter-
play of actin flows and various polarity-mediating molecular
factors. Importantly, these propulsive forces should not be con-
fused with the traction forces exerted by the cell onto the sub-
strate. Indeed, cellular tractions are typically much larger than

the forces needed to migrate [41, 163]. For instance, in kera-
tocytes, traction forces are up to tens of nN [164], while the
propulsive force of the leading edge was recently measured to
be of the order of 1 nN [148]. Instead, the polarity is related to
the intracellular concentrations of polarity cues and the actin
flows, together determining the cell speed. Specifically, for a
given actin polymerisation rate, the speed of a migrating cell
is determined by the retrograde flow of actin, which is being
polymerised at the leading edge, and depolymerised at the
trailing edge: the slower the flow, the faster the cell [13, 165].
Note, however, that slower retrograde flow leads to higher trac-
tion, and thus there is an indirect correlation between traction
force magnitude and cell speed [41]. The directionality of the
actin flow is in turn determined by the concentration profiles of
internal signalling cues within the cell, which reorient on long
time-scales [14] (described in our example by equation (9)).
Reorientations of these polarity fields lead to changes of the
cell velocity vector, i.e. accelerations. Therefore, to under-
stand the origin of the emergent cell migration dynamics,
quantified by F(x,v), we should consider how internal DOFs
of the cell, including the cell shape, protrusion formation, and
polarity determine the net movement of the cell, and how these
DOFs couple to the external environment.

Contrasting the overdamped formulation (equations (8)
and (9)) with the underdamped one (equation (10)) suggests
an important conceptual insight into how inferred cell migra-
tion models can be connected to more mechanistically inter-
pretable models. Clearly, the overdamped dynamics are phys-
icallymore interpretable, as they connect directly to the known
physics of self-propelled active particles [166] and the indi-
vidual terms have a physical interpretation. However, infer-
ring such overdamped equations for position and polarity from
experimental data is currently an open challenge. To infer such
equations from data, one would need trajectories of the cell
polarity P(t). However, there is no unique molecular marker
of cell polarity, and for candidate markers of cell polarity,
such as Rho GTPase localisation, it is experimentally chal-
lenging to collect large data sets of cell migration trajectories
with motion and polarity tracked simultaneously (see [167]
and section 6.2 for a more detailed discussion). In contrast,
the underdamped formulation requires only tracking of the cell
nucleus, fromwhich the velocity DOF can be obtained through
numerical differentiation. Thus, learning the underdamped
dynamics of migrating cells from data can provide a key step
towards understanding more mechanistic aspects. Indeed, the
mapping from overdamped to underdamped dynamics sug-
gested by equation (10) could provide a way to link mech-
anistic and inferred models more directly, by comparing the
predicted F(x,v) of postulated active particle models to the
inferred underdamped equation of motion.

4. Learning equations of motion from stochastic
trajectories

In the previous section, we discussed how inferring equations
of cell motion gives insight into free and confined cell
migration. In this section, we discuss the technical aspects of
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performing stochastic inference. Please note that this section
is not essential to understand the remainder of the review,
and can therefore be skipped. Inferring equations from exper-
imental data is a general problem that has been applied to
a broad variety of physical and biological systems, ranging
from dust particles in a plasma [168] to protein diffusion [83,
84], animal [73, 74] and robotic [169] behaviour, and neural
dynamics [69]. There is a long history of inferring dynam-
ical systems from trajectories of deterministic systems [76–
80]. Such inverse problems are notoriously harder in stochastic
systems such as migrating cells: it requires disentangling the
stochastic from the deterministic contributions, both of which
contribute to shape the trajectory. Importantly, however, fluc-
tuations can also help to make a data set more informative
about the system: in low-noise systems, the trajectory may
only sample a very narrow region of the phase space, mak-
ing it difficult to estimate the underlying dynamical system.
Thus, successful inference typically requires a data set with
sufficient diversity, which may pose a problem in highly ste-
reotyped behaviours such as in morphogenesis.

A number of methods are now available to perform
such equation inference in stochastic overdamped (first-
order) equations [81–85, 87, 89–91] as well as underdamped
(second-order) systems [86, 88]. Note that in addition to deal-
ing with the intrinsic stochasticity of the system, realistic
experimental data sets are also invariably subject to meas-
urement error, which can have a major impact on numer-
ical derivatives, and requires specialised estimators that are
robust to such errors [85, 86]. In this section, we will first lay
out the general principles of stochastic inference. Then, we
focus on the specific case of performing inference of under-
damped equations of motion which is relevant to cell migra-
tion trajectories.

4.1. General principles

The overarching idea of equation of motion inference from
a complex biological system is to derive a simple physical
description of a small number of DOFs that does not require
knowledge of all the microscopic details of the system. Thus,
the idea is to identify the important DOFs that may follow rel-
atively simple dynamics, that are slow compared to the time-
scales of the microscopic processes. Developing an equation
of motion model from experimental data in general involves
five key steps, which were already illustrated in figures 4
and 6 using the examples of free and confined cell migra-
tion, respectively. Here, we will discuss these steps in a more
general context, and illustrate them with the example case
of underdamped equations of motion, as these are used to
describe cell trajectories (see section 3.4), although the key
points are equally relevant for overdamped stochastic sys-
tems [81–85].

(1) Observation In the first step, the important DOFs of the
system have to be identified and observed. These DOFs have
to be experimentally accessible and trackable over time to
yield the trajectories x(t). Furthermore, to enable inference and

interpretation of the model, this set of DOFs should ideally be
low-dimensional and therefore provide a minimal representa-
tion of the system. In general, there is no principle to determ-
ine which DOFs should be tracked, and to some degree it is a
choice that is made based on intuition and technical feasibility.
The key objective is to arrive at a set of DOFs that allow con-
struction of a predictive model (see point 3). In the examples
of free and confined cell migration, this was done by simply
measuring the trajectories of the cell nucleus (figures 4(A)
and 6(A)). Identifying the relevant DOFs become even more
challenging in collective multicellular settings, as discussed in
section 7. In general, if the inference procedure proves to be
difficult in the later steps, a different set of DOFs may need to
be chosen.

(2) Inference The second step is the inference of a model from
the observed trajectories. In this step, a general formulation of
a stochastic dynamical system for the tracked DOFs should
be postulated, which can then be systematically constrained
using the data. To go from the data all the way to the inferred
equation, three key steps need to be considered:

(2.1) Equation selection The first step is to select the struc-
ture of the equation of motion to be inferred from the data. In
practise, this selection can often be done based on physical
intuition. More principled approaches include searching for
maximum predictability from delay embeddings [170], test-
ing of Markovianity from data [171], or determining the scal-
ing of increments with time [172]. For cell migration experi-
ments where the polarity remains unobserved, the appropriate
equations are typically underdamped equations of motion for
the dynamics of the cell velocity (see section 3.4).

(2.2) Basis selection To infer the equation of motion an appro-
priate representation of the dynamical terms must be chosen.
In the confined cell example, this corresponds to choosing how
to approximate the functions F(x,v) and σ(x,v) by a set of
basis functions. In this case, the dynamical terms are repres-
ented as a truncated basis expansion

F(x,v)≈
Nb∑

α=0

Fαcα (x,v) (11)

where {cα(x,v)} is the set of basis functions and Nb is the
number of functions. Note that this expansion is written for a
1D system, but all expressions generalise straightforwardly to
multidimensional systems [86]. Thus, the problem of inferring
the equation of motion is reduced to estimating the paramet-
ers Fα. If the noise is state-dependent, a similar expression
can be written for the stochastic term σ2(x,v). The key prob-
lem is then to select the set of basis functions {cα(x,v)} that is
appropriate for the problem at hand. These can be constrained
by taking into account the symmetries of the system [85, 86],
by applying Bayesian approaches to the fit-complexity trade-
off [173], or by applying sparsity constraints to detect the rel-
evant terms, such as SINDy [78, 79], which has recently been
generalised to stochastic systems [87, 89–91]. Based on such
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principles, one can then determine, for instance, if the noise
in the system is state-dependent, or if it should be fitted by a
constant amplitude.

(2.3) Estimators Finally, to perform the inference of the para-
meters specified by the selected basis, one should use error-
corrected estimators. Here, by error-corrected we mean that
the estimator converges to the correct result for simulated data
sets without additional error terms (as shown either by math-
ematical proofs or numerical convergence tests [85, 86]). Such
error terms can be caused by the stochasticity of the system,
the inevitable discreteness of the sampled trajectories, and the
presence of measurement errors (see section 4.2). These estim-
ators then allow inference of the dynamical terms (figures 4(B)
and 6(B)).

(3) Self-consistencyBefore testing the predictive power of the
model, there are two tests of self-consistency that should be
performed.

(3.1) Noise correlation A key assumption of stochastic infer-
ence approaches is that deterministic and stochastic contri-
butions can be separated, which relies on the assumption of
white noise of the stochastic term η(t), such as in equation (6),
meaning that η(t) is uncorrelated in time, ⟨η(t)η(t ′)⟩= δ(t−
t ′). To test the self-consistent of this assumption, one can
calculate the trajectories of the noise increments ∆W(t) =´ t+∆t
t η(s) ds. Specifically, an empirical estimator for∆W(t) is

[19, 73, 94, 98]:

∆W(t)≈ ∆t
σ

[
∆v(t)
∆t

−F(x(t) ,v(t))

]
(12)

where F and σ are the inferred deterministic and stochastic
terms, respectively, and the deterministic term is evalu-
ated using the position and velocity recorded at time t.
Then, the auto-correlation ⟨∆W(t)∆W(t ′)⟩ can be calcu-
lated, which should decay to zero within a single time-
step if the white noise assumption was correct. Note that
at the first time-step |t− t ′|=∆t, a weak negative cor-
relation can appear due to the presence of measurement
errors [19, 112]. If this criterion is not satisfied, one typic-
ally has to revisit point 2.1 and consider a different class of
models. For example, if a first-order equation inference is
applied to cell migration trajectories, long time-scale noise
correlations will appear, since a second-order equation is
required.

(3.2) Re-inference A second criterion for a self-consistent
model is that when new trajectories are simulated based on the
inferredmodel, applying the same inference procedure to these
simulated trajectories should yield a consistent result [86, 98].
An important aspect of this is that inferred equation can turn
out to be unstable, meaning they fit the data locally in time, but
diverge for long time intervals. This needs to be checked and
avoided. If these criteria is not satisfied, it is likely that points

2.2 or 2.3 should be revisited, or an insufficient amount of data
was used in the inference.

(4) Validation and prediction Steps 1 and 2 of the infer-
ence make assumptions about the system that could be incor-
rect, and thus the predictive power of the inferred model must
be tested to validate it. The stochastic inference approaches
described in sections 3.3 and 4.2 use as input only the short
time-scale information of the trajectories, through the incre-
ments corresponding to velocities and accelerations. A key
test of the model is then to predict long time-scale statist-
ics that were not used in the inference. Which statistics are
suitable for such prediction depends on the system at hand.
For instance, for both free and confined migration the velo-
city auto-correlation function was a natural prediction target
(figures 4(C) and 6(C)). If the predictive power of the model
is low, one typically has to revisit points 2.1–2.3 to consider if
the correct equation, a reasonable basis, and valid estimators
have been used. Note that depending on the method and the
amount of hyperparameter tuning in the inference, one may
also want to consider splitting the data into training, validation
and testing data sets, using standard approaches to such issues.
Finally, to further challenge the model, one may want to test
its predictive power on other experiments not used for training,
such as mutants, perturbations, or other environmental condi-
tions (such as a different micropattern geometry).

(5) Interpretation Having determined a valid model for the
observed dynamics, this model can be interpreted to gain
insight into the system. This last step is of course very much
system-dependent. An important aspect of the stochastic infer-
ence approach is the decomposition of the dynamics into
deterministic and stochastic components, i.e. F and σ. Based
on this decomposition, these components can be interpreted
separately, and their respective contributions to the dynam-
ics can be conceptualised. For example, this decomposition
revealed distinct classes of non-linear dynamical systems in
the position–velocity phase space of confined migrating cells
(figure 6).

4.2. Sources of inference error

When following the sequence of steps laid out in the previous
section, there are multiple sources of inference error, which
can lead to deviation of the observed and the predicted dynam-
ics. Here, we discuss three primary sources of error: finite
data, imperfect data, and incomplete basis functions. The res-
ulting errors can be minimised by adapting steps 2.2 and 2.3
of the scheme above. Additional sources of error can include
the recording of unrepresentative DOFs or selecting the wrong
equation, which we do not discuss further here.

(1) Finite data Realistic data sets consist of a finite number of
trajectories of finite length, with a total length of all trajectories
that we call T. The presence of noise and the potentially only
partially explored phase space leads to sampling errors, which
are random errors, and therefore vanish for T→∞.
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(2) Incomplete basis functions In step 2.2 of the inference
procedure, a set of Nb basis functions {cα(x,v)} needs to be
chosen to perform the inference. If the basis is not sufficient
to accurately represent the underlying model, then even with
perfect, infinite data, there will be a systematic error, i.e. a rep-
resentation error.

To deal with problems 1 and 2, there is a basic trade-off: as
the number of parameters of the basis Nb increases, the rep-
resentation error decreases, but the sampling error increases.
Indeed, the mean-square error (MSE) due to finite data in the
estimate of the deterministic term grows linearly with the num-
ber of parameters Nb, for both under- and overdamped dynam-
ics [85, 86]:

MSE∝ Nb/T. (13)

On the other hand, the representation error decreases with Nb

in a way that depends on the underlying model and the set of
basis functions considered. Thus, for a given amount of data
T, there is an optimal basis size N∗

b(T) that can be inferred.
To connect this discussion to the inference approach for con-
fined migrating cells described in section 3.3, we point out that
the grid-based binning approach effectively corresponds to a
basis of top-hat functions at regularly spaced locations in the
phase-space (figure 6(b)). The parameters Fα then correspond
to the average acceleration v̇ at that location in phase-space.
This approach requires a large number of fitting parameters
Nb and would therefore not perform well in high-dimensional
systems such as interacting cells or experimental data sets with
low statistics. In the confined cell example, we had access to
a large data set of 1D nucleus trajectories (figure 6(A)), and
thus the binning approach was feasible in this case. A gen-
erally better approach is to use a set of smooth basis func-
tions, such as polynomials or Fourier components. In this case,
fewer parameters are required and additional constraints such
as symmetries of the system can be taken into account to fur-
ther restrict the choice of basis functions. We will discuss how
this approach allowed inferring an equation of motion for the
more complex case of interacting cells in section 7.2.

Importantly, while equation (13) provides an argument for
how many parameters Fα can be learned from the observed
trajectories, it does not tell us which parameters are relevant
to describe the dynamics. For this, sparsity-enforcingmethods,
such as such as SINDy [78, 79], are required. Briefly, these
work by augmenting the cost function that is minimised by
the inference by penalising non-zero parameters. Such sparsity
constraints have recently been generalised to stochastic sys-
tems [87, 89–91], but have not yet been applied to experi-
mental data sets.

(3) Imperfect data Experimental trajectories are inevitably
subject to measurement error, and are recorded at finite time
intervals ∆t. Both of these in principle separate effects—
discreteness andmeasurement error—lead to systematic errors
in the inference results, which rely on the numerical derivat-
ives of the trajectories. To address these issues, error-corrected
estimators have been developed.

To illustrate this, we first focus on how to deal with dis-
creteness in an underdamped system [86]. This poses a non-
trivial problem, since if only the trajectory x(t) is observed at
discrete time steps, this means that one of the dynamical vari-
ables, the velocity, is not observed, but has to be estimated as
well. Importantly, this leads to systematic errors to the infer-
ence result, which persist even in the limit as ∆t→ 0, and do
not average away even in the limit of infinite amounts of data.
For instance, in the simplest case of an underdamped equation
of motion with a linear damping term, i.e. the persistent ran-
dom motion model with persistence time τ (equation (3)), the
conditional average of the accelerations does not converge to
−v/τ , but to − 2

3v/τ , as first pointed out in [112]. This is
why we wrote equation (4) as an approximation rather than
an equality. However, this systematic error can be removed by
including an error-correction term in the estimator, derived by
inverting the stochastic Ito–Taylor expansion of the equation
of motion [174]. The estimator for the deterministic term that
is robust against discretisation effects then reads [86]

Fα = ⟨v̇cα (x,v)⟩−
1
6

〈
σ2∂vcα (x,v)

〉
. (14)

Here, the first term is the conditional average of the accelera-
tions (equivalent to equation (3)), while the second term is a
correction term that arises due to the projection of an estim-
ated second derivative (acceleration) onto an estimated first
derivative (velocity) of the DOF. Note that the correction term
vanishes for deterministic systems (σ= 0) and depends on the
derivative of the basis function, indicating that smooth basis
functions should be used. This correction can therefore not be
applied to a binning inference. For the stochastic noise amp-
litude the estimator

σ2
α =

3∆t
2

〈
v̇2cα (x,v)

〉
(15)

which depends on the square of the accelerations, akin to a
standard deviation of the accelerations, since at short time-
scales, the accelerations are dominated by the noise. Another
way to address the error due to discretisation is a Bayesian
maximum likelihood approach [88].

A conceptually similar approach can be used for error-
corrected estimators that are robust to measurement errors.
In this case, the assumption is that measurement errors are
uncorrelated in time, meaning that multi-point estimates of the
numerical derivatives can be combined in such a way that all
systematic error terms vanish by construction [85, 86]. The
importance of this measurement error-correction depends on
multiple factors: the magnitude of the measurement error |e|,
the measurement time interval ∆t, and the dynamics of the
process. Specifically non-corrected estimators (equation (7))
only provide accurate results in the regime |e| ≪ σ∆t3/2,
where σ is the magnitude of the stochastic noise; while the
error-corrected estimators can provide accurate results up to
errors of the size of a typical step, i.e. |e|≲ ⟨v⟩∆t, where ⟨|v|⟩
is the average speed [86].

Importantly, these error-corrections do not easily general-
ise to grid-based binning approaches that were discussed in
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section 3. Binning effectively corresponds to using basis func-
tions cα(x,v) that correspond to non-smooth top-hat functions
placed at regular intervals. This means that equation (14),
which includes the derivative of the basis functions, is not eas-
ily applicable, suggesting that smooth basis functions should
be used, such as polynomials or Fourier components [86].
Binning can therefore be used to gain initial intuition for a data
set, under the condition that the inference errors due to dis-
cretisation and measurement error are sufficiently small that a
self-consistent and predictive model can be obtained (as was
the case in the examples in section 3). However, in general,
the use of an expansion of smooth basis functions with error-
corrected estimators [85, 86] is strongly recommended. As we
will discuss in section 7.1, smooth basis functions have the
additional advantage of being much more data-efficient and
therefore a better choice for high-dimensional or interacting
systems of multiple cells.

In summary, stochastic inference approaches allow learn-
ing the governing dynamical systems from observed experi-
mental trajectories in a way that trades-off finite data limit-
ations and representation complexity, and is robust to meas-
urement errors and discretisation errors. That said, there
are many open challenges in terms of method development
that could aid future applications of stochastic inference to
cell migration data. For instance, there is currently no prin-
cipled approach to automatically identify the most repres-
entative DOFs directly from an experimental movie (step 1
in section 4.1), although first approaches towards learning
dynamics from movies have been made [175]. Furthermore,
principled approaches for selecting the class of equation (step
2.1 in section 4.1) or developing models with unobserved
hidden variables is a central challenge. These problems have
been recently addressed in low-noise, near-deterministic sys-
tems either leveraging Taken’s embedding theorem [170] or
ranked-choice model selection [176], but a generalisation to
stochastic systems is outstanding. This could also provide a
way to address the potential role of unobserved hidden vari-
ables in the dynamics, such as the cell polarity. Finally, while
approaches for basis selection and sparsity constraints have
been applied to stochastic systems [87, 89–91], they have not
yet been combined with error-corrected stochastic estimators,
and are therefore not yet applicable to underdamped stochastic
systems.

5. Inferring heterogeneity in cell behaviour

A key feature of migrating cells is the large variability of
the observed behaviours within a cell population. A typical
set of cell migration trajectories exhibits large variations in
behaviour between different individual trajectories, but also
over time within a single trajectory. Tracing the origins of
such variability is an open challenge for which data-driven
approaches are ideal, since it naturally relies on the analysis
of large ensembles of observations [172]. Here, we propose to
distinguish four distinct contributions to the behavioural vari-
ability of migrating cells:

• Intrinsic stochasticity: the intra-cellular machineries driv-
ing cell behaviours operate at the molecular level, and are
thus subject to intrinsic noise. At larger scales, where these
molecular DOFs remain unobserved, this intrinsic noise
leads to seemingly random patterns in behaviour, which we
refer to as the intrinsic variability of cell behaviour.

• Cell-to-cell variability: even in populations of cells with
identical genomes, the stochasticity of intra-cellular pro-
cesses such as gene expression, cytoskeletal rearrangement
and protein localisation can lead to large differences in the
proteomes of individual cells [177–181]. At the cellular
scale, this diversity can lead to variations in cell behaviour,
which is also referred to as phenotypic or population het-
erogeneity. The connection from molecular to behavioural
heterogeneity has been demonstrated in cellular processes
ranging from growth rate and drug response to morpho-
logy [182–185], and has been suggested to play an important
role in collective cell migration [186, 187].

• Temporal variability: the behaviour of cells may also
exhibit variations over time: as cells undergo the cell cycle,
they grow, which may also affect other behaviours, includ-
ing cell migration [188]. Furthermore, cells may switch
between qualitatively distinct modes of behaviour, meaning
that separate models for each behaviour, as well as a model
for the switching itself, must be considered [189–191].

• Environmental variability: potentially unobserved
changes in the extra-cellular environment may cause
changes in behaviour, which could be mistaken for other
types of variability. This can occur, for example, in cell
migration experiments in environments with unobserved
structures, including porous 3D matrices [128].

Clearly, these different sources of variability are hard to dis-
entangle, and sometimes it may not be clear, even in principle,
what should be counted as intrinsic noise vs temporal variab-
ility. Here, we argue that the key property is the time-scale of
deviations of the process from the ensemble- and time-average
(ETA). The definition of intrinsic noise is that it is stationary in
time, implying no long-lasting deviations from the ETA. Cell-
to-cell variability, in contrast, by definition leads to deviations
on a time-scale equal to the lifetime of a single cell: these are
differences in behaviour of a single cell relative to the popula-
tion average that persist for the entire life of the cell (and may
in principle be passed on to daughter cells). Temporal variabil-
ity on the other hand leads to deviations on time-scales similar
to the time-scales of the behaviour of interest, but shorter than
the lifetime of the cell.

The variability of cell behaviour can make model infer-
ence challenging. Firstly, significant variability can mean that
a large data set of trajectories is required to sufficiently sample
the distribution of behaviours to infer a reasonable ETAmodel.
Secondly, in some cases, ETA models may not be predictive
of behavioural statistics that are sensitive to the variability. In
this section, we will focus on inference approaches that are
specifically tailored to quantify and characterise the variab-
ility of observed cellular behaviours in single-cell contexts.
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Figure 7. Experimental and theoretical approaches for detecting variability in cell behaviour. (A) For cell behaviour with a variability that
evolves continuously in time, the super-statistical random walk analysis infers the persistence and activity of the cell as a function of time.
Inset shows the inferred time-dependence for the trajectory on the right (MDA-MB-231 breast cancer cell migrating on uncoated plastic).
Reproduced from [109]. CC BY 4.0. (B) Single-cell ciliate organisms often switch between discrete states of motion, as shown here for
Chlamydomonas reinhardtii (top, 2 cilia) and Pyramimonas octopus (bottom, 8 cilia). Reproduced from [191]. CC BY 4.0. (C) Trajectories
of Tetrahymena cells (hundreds of cilia), that are quantified by speed |v| and angular velocity ω (top). Changeability matrix quantifying the
similarity of the joint distribution P(|v|,ω) over time and across individuals. Reproduced with permission from [190]. (D) Comparison of
experimental statistics to ensemble- and time-averaged (ETA) model predictions reveals the cell-to-cell variability in cell hopping
behaviours in two-state micropatterns (left). Green data points: variance of average hopping times across cells; blue data points: variance
across the population. Sorting cells by hopping activity reveals distinct underlying deterministic motility patterns (right; MDA-MB-231
breast cancer cells). (E) Self-induced variability through protein deposition of a migrating cell exhibiting oscillations of increasing
amplitude (top and left; MDCK cells on fibronectin coated 1D lines). A model of the cell as a persistent self-attracting random walk
captures the behaviour (right). Reproduced from [167]. CC BY 4.0.

Gaining insights into how these distinct contributions determ-
ine the overall variability of cell migration could be important
for understanding physiological migration processes, as well
as the mechanistic basis of the behaviour. However, disen-
tangling these different contributions to the behavioural vari-
ability based on an observed data set can pose a formidable
challenge. To this end, several data-driven approaches have
been developed in the context of cell migration, which we will
discuss here.

5.1. Quantifying temporal and cell-to-cell variability in
behaviour

Models for cell migration are typically formulated as
stochastic equations of motion, which is a natural way to cap-
ture processes exhibiting fluctuations. In the equations of cell
motion introduced in previous sections (equations (3) and (6)),
the stochastic white noise term ensures that no two trajector-
ies look alike. This is a model for the intrinsic stochasticity
of the migration process. To determine the structure and para-
meters of cell migration models, the dynamics are typically
averaged across different cells and over time, yielding ETA
stochastic models that describe the average member of a cell

population. Therefore, these approaches fail to capture cell-
to-cell and temporal variability. Similarly, bottom-up models
for cell motility typically assume that all cells in a popula-
tion can be described by a common set of parameters that
are constant in time. To demonstrate how data-driven methods
can help quantify temporal and cell-to-cell variability, we will
first discuss two examples of quantifying temporal variability,
before discussing another approach to disentangle the contri-
butions of temporal and cell-to-cell variability.

A paradigmatic example of temporal variability in beha-
viour is the switching between discrete modes of movement,
such as run-and-tumble motion in bacteria [192]. Similar
switching behaviours have been suggested for mammalian cell
migration [189]. A principled inference approach to identify
such temporal variability in cell migration was developed by
Metzner et al [109]. They considered a generalisation of the
persistent random motion framework, which allows for time-
dependent migration parameters (figure 7(A)), without impos-
ing a priori the existence of discrete behaviours. In this ‘super-
statistical’ approach, both the persistence τp and the noise
amplitude σ in equation (3) become functions of time. The
values of the parameters are inferred from experimental tra-
jectories using a Bayesian approach. With this method, the
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local persistence and activity of migrating cells could be iden-
tified as a function of time, revealing pronounced phases
of ‘run’ and ‘rest’ states in trajectories of individual can-
cer cells (figure 7(A)). Such switching between behaviours
has been suggested previously to be due to distinct transient
intra-cellular organisations [13]. Interestingly, similar discrete
switching between persistent and anti-persistent motion was
recently identified in vivo in Drosophila haemocyte migra-
tion using a data-driven machine learning approach [193]. In
the future, connecting such data-driven identification of tem-
poral variability to live imaging of intra-cellular features could
provide a way to link cellular behaviour to the underlying
mechanisms, and how these control switching between sub-
classes of motility behaviours.

Links between morphological features and behaviour are
clearer in the behaviour of swimming protozoans, whose
flagella can organise into distinct states corresponding to
behaviours such as run, tumble and stopping [194, 195]
(figure 7(B)). These distinct morphological states already sug-
gest the existence of discrete behaviours, which is in con-
trast to the more continuous state space of eukaryotic cells
which undergo much more complex shape changes. This dis-
creteness already suggests temporal variability with switch-
ing between different modes of behaviour as a natural frame-
work for protozoan motility. Based on trajectory data of such
swimming protozoans, quantitative frameworks for migration
variability have been developed that characterise the time-
dependent motion in sliding time windows to access the joint
probability distribution of speed and turning moment [190]
(figure 7(C)). By quantifying the change in this distribution
over time and between individuals gives rise to a changeab-
ility matrix allowing pairwise comparison between any two
time points and between individuals. Using clustering and
dimensional reduction, this matrix leads to a low-dimensional
behaviour space revealing two-state ‘roaming and dwelling’
model of swimming behaviour for multi-ciliate Tetrahymena
cells. Conceptually similar approaches have been developed
for other organisms and their interactions with confining
boundaries [191], revealing different types of discrete cell
states including run–tumble–stop behaviour in biflagellate
vs run–shock–stop behaviours in octoflagellate protozoans
(figure 7(B)). These analysis frameworks could have poten-
tial also for eukaryotic cell migration, provided that a suffi-
cient time-resolution can be achieved experimentally, which
is key for a sufficient sampling of the sliding time win-
dows of such an approach. Indeed, we tested the changeab-
ility approach [190] on confined cell migration data of can-
cer cells [19], but found that the frame rate was insufficient to
properly sample the changeability matrix. Conceptually sim-
ilar frameworks have also been invoked in the literature on
animal behaviour, including fitting of locally linear dynamical
systems to motility data of the nematode Caenorhabditis eleg-
ans [75]. Since the data analysis problems in animal behaviour
are often very similar to those in cell migration, potentially
connecting these approaches to cellular data could be an inter-
esting perspective. In sum, these works provide computational
tools to systematically identify and characterise cell-to-cell

and temporal variability in migration behaviours from traject-
ories alone.

While these frameworks provide a way to quantify and
characterise cell migration variability over time and between
individuals, they do not provide a method to determine
whether such variability exists in the first place. Indeed, if
the observed trajectories are short, as is often the case in cell
migration experiments, they may appear variable simply due
to the randomness introduced by intrinsic stochasticity. How
then can real variability be distinguished from apparent vari-
ability due to the intrinsic stochasticity? This question has pre-
viously been raised in the context of collective cell migra-
tion [196], where it was suggested to compare the observed
variability to an appropriate ‘null-model’. Specifically, this
means performing a direct comparison of variability-sensitive
experimental observables, such as population variances, to
the predictions by a parameter-optimised model without vari-
ability. Deviations from the variability-free model can then
provide an indicator for real variability. A difficulty in apply-
ing this approach is that it requires both a large ensemble of
migration trajectories in a standardised setting, and an appro-
priate theoretical framework to provide a null-model.

To demonstrate how such a null-model approach can work
in practice, we will show how to use the inferred equation
of motion for confined cell migration [19] (section 3.3) as a
benchmark to identify behavioural variability [197]. The infer-
ence of this equation of motion was based on the assumption
that there is no variability between cells or in time, such that we
used an ETA inference approach. This ETA equation ofmotion
model correctly captures the ETA statistics of the experiment,
such as correlation functions [197]. Thus, this equation of
motion provides a null-model to predict the amount of vari-
ability between individual (short) trajectories based on only
intrinsic noise, to which we can compare the experiment.
We found that the variance in behaviour between individual
cells was larger in the experiment than that measured in an
ensemble of trajectories of similar length predicted by the
null-model (figure 7(D), left). This indicated that there is real
cell-to-cell variability in the system, beyond the random vari-
ations expected from a single, ergodic and stationary process.
Interestingly, our analysis further revealed that within the cell
population, there are qualitative differences in the class of
dynamical systems describing themigration of individual cells
(figure 7(D), right). Faster cells exhibited limit-cycle dynam-
ics, while slower cells exhibited bistability, with two stable
fixed points. The coexistence of distinct dynamical system
states within a population of migrating cells has been sugges-
ted to originate from a heterogeneity in microscopic migra-
tion parameters [55]. Specifically, it was suggested that tuning
the elasticity and adhesiveness of cells could lead to distinct
dynamical behaviours, including smooth migration, stick-slip
migration, as well as bistability between these two modes.

Taken together, these results demonstrate how combining
systematic inference tools that account for cell-to-cell variab-
ility with mechanistic models could in the future lead to novel
insights into the behavioural variability of cell populations.
An exciting approach in this respect would be to correlate
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variability at the molecular scale with variability at the beha-
vioural scale, which could give insight into how molecular
organisation correlates with behaviour without relying on arti-
ficial perturbations of the system [198–201].

5.2. Identifying sources of environmental heterogeneity

Conceptually, we think of temporal and cell-to-cell variability
to have their underlying cause in cell-intrinsic properties that
change over time or between cells, such as protein concentra-
tions or localisation. However, in addition to this, migrating
cells also encounter variability in their environment includ-
ing heterogeneous ECMs [202, 203] or contact with other
cells [204, 205]. Indeed, apparent cell-to-cell variability in col-
lective systems has in many cases been shown to be caused by
environmental factors, including local cell density, cell–cell
contacts and relative location in a cell cluster [182, 206–208].
In the context of single cell migration, this was nicely demon-
strated by applying the ‘super-statistical’ approach introduced
in the previous section to cells migrating through series of
constrictions, showing how cell activity and persistence adapt
to the local structure of an external confinement [109]. If
these external features were not observed, then these responses
would appear as strong temporal variability, even though cel-
lular responses to confinements can be explained through an
ensemble averaged model that takes into account the cell pos-
ition within the confinement (as shown in section 3.3 and
[19]). An interesting special case of such extrinsic variabil-
ity is self-induced environmental heterogeneity, where the cell
itself causes changes to its environment which in turn affect its
behaviour. These are by nature harder to observe experiment-
ally, and can therefore be mistaken for temporal variability.
Here, we discuss two examples of this case in which quantit-
ative frameworks for such self-induced environmental changes
were developed.

First, in 3Dmigration through a matrix, some cells perform
proteolysis, which is a mechanism that allows cells to loc-
ally digest the surrounding matrix to create a migration path.
This behaviour was shown to lead to asymmetries in the pre-
ferred direction of motion of cells: cells were more likely to
turn around by 180◦ than expected based on persistent ran-
dom motion, thus backtracking on their previous path [128].
As a model for this process, the anisotropic persistent ran-
domwalkmodel was proposed, which includes spatially aniso-
tropic parameters (parallel vs orthogonal to the direction of
motion) and thereby account for this effect. Such proteolytic
behaviour was also shown to lead to directional random walks
in the presence of global strain applied to the matrix [209].

In the second example, it was found that migrating cells
deposit material on the surface on which they migrate, caus-
ing them to behave differently when they return to a location
that they previously visited [167] (figure 7(E)). Specifically,
cells were observed to preferentially occupy previously vis-
ited areas. In this work, data-driven inference was used to
generalise the phase-space analysis introduced in section 3.3
to the problem of self-attracting migration on a 1D line.
This approach revealed that cells deterministically accelerate
away from the boundaries of previously explored space. This

observation motivated a quantitative description using a per-
sistent self-attracting walk model, which quantifies the relat-
ive probabilities of turning back vs. exploring new areas. This
effect leads to long-lived spatial memory in the migration,
which can have dramatic consequences for the ways in which
cells search and explore space. Indeed, a phase-field model
approach modelling the interaction of cells with their secreted
footprint predicted that such memory lets cells switch between
confined, oscillatory, and exploratory migration when they
explore 2D spaces [210].

In conclusion, these approaches identified important cell
migration mechanisms using data-driven analysis of the
migration trajectories which exhibited striking variability. The
analysis revealed that the observed variability is in fact due
to extrinsic effects, albeit regulated by the cell itself. These
findings are particularly interesting in the broader picture of
regulated cell-to-cell variability proposed in [208], where it
was suggested that deterministic, regulated variability could
have functional importance in cell population, which is in con-
trast to cell-to-cell variability caused by randomfluctuations of
intra-cellular processes.

6. Connecting cell dynamics to mechanisms

In the previous sections, we have discussed how quantitative
frameworks for cell migration can provide data analysis tools
and yield conceptual frameworks to think about cell beha-
viour. A third important contribution such frameworks could
make to the field is by providing constraints for mechanistic
cell migration models. We refer to models as ‘mechanistic’ if
they are based on a bottom-up approach in which the model is
postulated based on known cellular processes and their simpli-
fied physical description. This is in contrast to the data-driven,
top-down approaches that we have focused on so far in this
review.

There is a long history of mechanistic biophysical model-
ling of cell migration (see e.g. [102] for a review). Here, we
focus on how combining bottom-up models with top-down
data-driven approaches can help address some of the key chal-
lenges in the field: (1) constraining mechanistic models that
make predictions for the long time-scale behavioural dynam-
ics of cells. (2) Understanding how cell dynamics may respond
to external inputs, and how this could be included in phys-
ical models. (3) Connecting different classes of mechanistic
models across scales into a coherent theoretical framework for
cell migration. We first provide a brief overview the key types
of mechanistic models for single cell migration, and discuss
how theymay be connected to inference approaches to address
these challenges (section 6.1). Next, we discuss how perform-
ing data-driven inference on more complex cellular features
beyond cell trajectories, such as cell shapes and protein local-
isation, could provide a bridge between top-down andmechan-
istic models (section 6.2). We review these approaches by sys-
tematically increasing the level of coarse-graining and length
scale of the models and observables, and specifically highlight
how models and data can be compared at each length scale
(figure 8).
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Figure 8. Connecting bottom-up and top-down models for single-cell migration. Top row: bottom-up models for cell migration. Though
there is some ambiguity in this classification, models are ordered by increasing level of coarse-graining from left to right. Bottom row: types
of cellular datasets and top-down inference approaches at the corresponding levels of coarse-graining. (A) Actin recruitment and branching
models describe the establishment of the actin network and how it propels the cell membrane in protrusions [214–220]. (B) Cellular Potts
models [25–33] and phase field models [34–39] describe the evolution of the 2D or 3D cell shapes. (C) Mechanical models predict cellular
traction forces [229–231]. (D) Hydrodynamic models of actin flow and reaction diffusion models describe the coupling of spatially
extended polarity fields to motility [13, 14]. (E) Molecular clutch models describe how actin retrograde flow and polymerisation propel the
cell forward by establishing friction with the substrate through adhesions [40, 55, 56]. These are typically minimal 1D description that
simplify the actin branching models shown in (A), although more complex 2D versions have also been proposed [226]. (F) Active particle
models describe the evolution of cell position based on velocity and polarity [166]. (G) Image fluctuation analysis based on high-resolution
live imaging of polarity factors allows causality inference of actin binding factors and how they control protrusion growth [232–234]. (H)
Segmentation of the 2D or 3D shape of cells can be integrated in shape space models of morphodynamics, providing a dimensional
reduction of complex dynamics [235–238]. (I) Integrating traction force microscopy datasets has been done in machine learning models
predicting forces based on protein concentrations [239]. (J) Datasets of spatial fields of polarity cues can be treated with partial differential
equation (PDE) inference to obtain reaction–diffusion models of cell polarity. (K) Protrusion tracking or actin flow measurements allow
inference of nucleus–protrusion models [228]. (L) Cell trajectory data allows inference of underdamped equations of cell motion [19].

6.1. Bottom-up models for cell migration

Bottom-up biophysical modelling of single cell migra-
tion initially focused on particular aspects of the motility
machinery, such as the ratchet model for force generation
by actin polymerisation [211, 212], actin branching [213],
and the molecular clutch model for adhesion dynamics [40]
(figures 8(A) and (E)). To integrate these underlying mech-
anisms into cell-scale models, effective descriptions of their
coupling to the large-scale behaviour of cells are required.
We will describe these models in order of increasing level
of coarse-graining, starting with computational models that
account explicitly for the cell shape and subcellular features,
and then moving to more coarse-grained approaches describ-
ing cells as gels, mechanical modules, and particles (figure 8).

To couple mechanisms to cell migration at the cell scale
and to describe the typical shapes of migrating cells, a number
of studies have developed moving boundary condition models
(figure 8(A)). These models aim to predict the evolution of the
cell boundary, thereby predicting both motion and shape. The
motion of the boundary can be described by physicalmodels of
molecular processes, including polarity signalling [214–217],
hydrostatics and membrane tension [218], and actin network

dynamics [219, 220]. Zooming out from implementations of
cell shape dynamics that assume specific biophysical mech-
anisms, a popular model providing an effective formulation
of cell shape dynamics is the cellular Potts model [25–33]
(figure 8(B)). In this lattice-basedmodel, each cell is described
by a set of lattice sites, and the cell shape is evolved by addi-
tion and removal of lattice sites based on an energy function
which effectively models cell interfacial tension (perimeter
elasticity) and a preferred cell area. To implement migration,
the energy additionally includes a polarity term. In contrast
to this effective energy-based approach, the phase field model
describes the cell as a field Φ(x, t) that is equal to 1 inside the
cell and 0 outside [34–39] (figure 8(B)). Cell shape dynamics
are then simulated through evolution of this field and coupled
to cell polarity and cell velocity through force balance. Other
computational cell migration models include the evolution
of a cell contour function [221], models that are based on
fibre network implementations of the cytoskeleton [222] and
particle-based models with stochastic adhesions to a fibrous
ECM [209].

To connect these computational models to experiments, a
key challenge is that these models often have many parameters
that are difficult to constrain based on experimental data.
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Furthermore, if a specific mechanism for the cell shape
evolution is assumed, it remains unclear how to systematic-
ally rule out alternative explanations. Indeed, in a system-
atic study comparing various computational approaches with
different underlying assumptions [223] showed that all these
models were able to faithfully capture the migration and typ-
ical shape of keratocytes. This apparent degeneracy of pos-
sible mechanisms may be a consequence of real redund-
ancy in biological mechanisms responsible for a given beha-
viour. However, this observation also points to a problem with
using complex bottom-up approaches for conceptual insight,
as their parameters may remain under-constrained based on
phenomenological observations. Therefore, we argue that con-
necting these computational models to inference approaches
can be a promising path to constrain and better understand
these models. Specifically, there is no reason why data-driven
inference should only be applied to experimental data: we can
similarly simulate a computational model, record the traject-
ories, and learn the effective equation of motion from sim-
ulated data. This learned effective model may then provide
a much stronger constraint when comparing to the learned
model from experimental data. Note that this approach is not
limited only to nucleus or centre-of-area trajectories of cells,
but can equally be applied to more complex cellular features,
such as cell shapes, as discussed in the next section. Besides
constraining parameters, this connectionmay allow both better
insight into the emergent behaviour in the mechanistic model,
as well as the mechanistic basis of a learned behaviour. For
example, simulating a cellular Potts or phase field model in
confining geometry would allow us to infer how the paramet-
ers of these models determine the response of the cell to the
confinement; and conversely which mechanistic ingredients
are relevant for setting the observed response in the experi-
ment. Thus, connecting these approaches could yield a much
more principled approach for constraining mechanistic mod-
els and understanding their emergent behaviours.

An alternative route to computational models has been
to coarse-grain further and develop simplified, often 1D
descriptions of cell polarity and migration dynamics based
on underlying physical principles. First, actin polymerisation
and retrograde flow have been described using continuum
theories [43–48, 50], which may be coupled to advection–
diffusion models of polarity cue concentrations [13, 51–54]
(figure 8(D)). Such models have also been extended to account
for adhesion-independent cell migration in structured sys-
tems where cells actively use friction with the walls or the
local topography of the environment to self-propel [44, 140,
224]. Secondly, the molecular clutch model [40] describes
the stochastic binding and unbinding of adhesions and their
coupling to actin flows (figure 8(E)). Simulation models
based on the molecular clutch can predict whole-cell tra-
jectories [225, 226]. More minimal approaches extended the
model to account for the mechano-sensitive binding dynam-
ics of focal adhesions [55, 56, 58], predicting cell beha-
viours featuring periodic extension-retraction cycles, that have
been observed as so-called ‘stick-slip processes’ in the bio-
logical literature [57, 227]. Coarse-graining further, the most

minimal models describe cells as active particles with a polar-
ity (figure 8(F)). Interestingly, such active particle models can
be directly derived from active gel theories, providing a map-
ping between the two [49].

These 1D cell migration models have given insight into
some of the key cellular behaviours observed experimentally.
However, it still remains difficult to make predictions for the
full stochastic dynamics of cells, and in particular how the
intra-cellular mechanisms to structured environments. To con-
nect thesemodels to inference approaches, a promising avenue
may be to hierarchically coarse-grain minimal models into a
description that is sufficiently simple that it can be inferred dir-
ectly from experimentally accessible DOFs, such as descrip-
tions of the (x, v)-dynamics of the cell. Specifically, an act-
ive particle model describing the cell position and polarity as
DOFs may be coarse-grained into an equation for the under-
damped dynamics of cell velocities, as shown in equation (10).
Thus, the inferred description (e.g. the function F(x,v)) can
be matched to the dynamics predicted by more interpretable
active particle model. This can be challenging as the inferred
functions can contain large amounts of features, some ofwhich
may be more relevant than others. Furthermore, the func-
tions may not always have a simple analytical form, mak-
ing the derivation of an exact description difficult. A chal-
lenge for future work is therefore to identify ways to link
inferred descriptions to bottom-up models in a principled way.
Going further, an active gel or molecular clutch model could
be mapped into an active particle model, and thereby indir-
ectly linked to the inferable underdamped equation of motion
for the cell. For instance, in [228], we provided a mapping
between amodel for the coupled dynamics of cell nucleus, pro-
trusion and polarity and the underdamped equation of motion
of the nuclear dynamics alone. Such mappings will be very
useful in providing conceptual links between different mod-
els, and may help to test and constrain existing models, in
particular when they are generalised to non-trivial external
confinements.

A central challenge for bottom-up cell migration modelling
is to link the different types of modelling approaches to each
other. Ideally, there should be clear mappings between mod-
els, allowing to explicitly contrast assumptions and predic-
tions of different approaches. Furthermore, as different mod-
els allow descriptions at different levels of detail, there should
be a correspondence between the length- and time-scales of
the experimental observations or the behaviour of interest,
and the type of model employed. Having consistent mappings
between models would then allow switching from one model
to the other without contradictions. However, the principles
of how to link these models together may still be outstanding.
To address this, inference methods could help leverage rapidly
increasing experimental data sets to constrain how these mod-
els fit together. Indeed, beyond inference from cell migration
trajectories, expanding the experimentally tracked DOFs, and
performing inference on other cellular features such as pro-
trusions, polarities, traction forces or actin flows directly may
provide an important tool, which we will discuss in the next
section.
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6.2. Inference from cellular features

To gain insight into cell migration mechanisms, a promising
emerging avenue is to apply inference approaches to cellular
features beyond just cell trajectories, such as imaging of the
cell or nucleus shapes, the cytoskeleton or concentrations of
focal adhesion and polarity molecules. While we can obtain a
self-consistent description of the migration dynamics from the
underdamped dynamics inferred from the cell trajectories, this
effectively treats all intracellular DOFs as hidden variables.
The key hidden variable in the simplest bottom-up model, the
active particle model, is the cell polarity. However, cell polar-
ity is notoriously hard to define, and there is no unique, gen-
erally agreed-upon molecular marker for cell polarity. In this
section, we will discuss various approaches to infer dynam-
ical models from cellular features of increasing detail, starting
from cell shapes, to protrusions, polarity markers and traction
forces, and point out the recurrent challenge of linking these
features to the polarity of the cell.

Analysing the dynamics of cell shapes is attractive as cell
shapes are easy to observe experimentally, as simple bright-
field microscopy paired with modern segmentation pipelines
based on machine learning [240, 241] can provide high accur-
acy, high throughput shape data sets. Clearly, developing a
model for the entire cell shape as a function of time is a large
jump in complexity from the 1D cell trajectories we have con-
sidered so far, and a low-dimensional stochastic equation of
motion may not suffice to capture these dynamics. Thus, a
first challenge is to determine the dominant contributions to
the cell morphology through dimension reduction. By identi-
fying the principle components of the cell shape, recent works
have proposed to study cell morphology in a low dimensional
space feature space [235–238] (figure 8(H)). From an ana-
lysis point of view, these approaches have been very suc-
cessful by demonstrating that clustering in shape space can
be predictive of metastatic potential [242, 243], stem cell lin-
eage decisions [244] and drug response [235], highlighting the
rich information content of cell morphologies. Furthermore,
morphodynamic feature approaches have allowed comparative
mapping of different cell types [245], identification of migra-
tion strategies in 3Dmatrices [238, 246], and revealed adaptive
switching between different modes of mesenchymal migra-
tion [247].

However, to build dynamical models of cell morphology,
there are two key challenges: (i) to establish a self-consistent
shape space for morphodynamics, meaning that future mor-
phological features can be predicted based on the current fea-
tures, meaning the space is constructed such that the dynam-
ics are Markovian; and (ii) to predict whole-cell motion from
the evolution in shape space. Interestingly, in the case of
Dictyostelium cell morphodynamics, just three principle mor-
phological components on the second timescale were found
to be predictive of migration behaviours on the minute times-
cale [236]. In contrast, for neutrophil migration, morpho-
logical features obtained from different dimension reduc-
tion techniques were shown to be insufficient to predict
the migration velocity of the cell, suggesting that additional

information beyond the shape is required to capture cell polar-
isation in general [237]. Thus, to fully resolve cellular dynam-
ics at the level of cell shapesmay require the addition of further
cellular DOFs which contain polar information.

To include polar information in a morphodynamic feature
space, one could include information about the intra-cellular
organisation, such as the relative position of the cell nucleus or
the traction forces, or the velocity of the cell shape. Shape velo-
city is simply the derivative of the cell shape, corresponding to
a ‘ribbon’ of alternating protrusion and retraction areas around
the cell. At the scale of individual protrusions, morphody-
namic profiling of shape velocities has revealed drastic spati-
otemporal heterogeneity at the time-scales ofminutes to hours,
far below the time-scale of migration [248, 249], suggest-
ing that high time-resolution experiments are likely to give
most insight. To extract the key information of these shape
velocities, an alternative approach is to simplify protrusion
and retraction areas into a protrusion and retraction ‘centre of
mass’ of the cell, i.e. a 1D readout (figure 8(K)).

In previous work, we extracted such protrusion trajector-
ies from confined migrating cells, and inferred the coupled
dynamics of cell nucleus and protrusion motion [228].
Interestingly, considering only nucleus and protrusion motion
was not predictive of cell motion, and thus a time-correlated
polarity-driven protrusion formation was required to capture
the dynamics. Constraining the description of these polar-
ity dynamics based on the observed protrusion trajectories
revealed that the cell polarity is sensitive to the local geo-
metry of the confinement. Specifically, under strong confine-
ment, the polarity dynamics switches from a negative to a pos-
itive, self-reinforcing feedback loop. This geometry adaptation
effect leads to a stereotypical cycle of protrusion extension into
the constriction, followed by contraction and transmigration of
the cell nucleus. The model then predicted, in agreement with
experiments, that the protrusion–nucleus cycling disappears
when the constriction is removed. This suggests that the pos-
itive polarity feedback loop emerges as a consequence of an
adaptation of the cellular dynamics to the presence of the thin
constriction. By performing inference on data-sets with cellu-
lar features beyond the cell nucleus, this approach resulted in
equations of motion with mechanistically interpretable terms,
including the nucleus adhesiveness, the mechanical nucleus–
protrusion coupling, and the coupling of cell polarity to protru-
sion confinement. Importantly, this model also correctly pre-
dicted the inferred underdamped dynamics of the nucleus tra-
jectories alone, providing a link between the more phenomen-
ological approach at the nucleus level to the intracellular polar-
ity dynamics. In further work [250], the more interpretable
protrusion–nucleus model was then used as a prediction tar-
get for a mechanistic model of confined cell migration, based
on a generalisedmolecular clutch approach [56]. This revealed
how membrane tension, actin alignment, and polarity cue dif-
fusion interplay to generate the geometry adaptation effect.

Beyond cell shape and protrusion dynamics, the shape
of the cell nucleus can give important insights into the
forces acting during cell migration in 3D confining systems.
In cell migration through tight 3D channel confinements
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(unlike the flat 2D micropatterns discussed in the previous
paragraph), the deformation and translocation of the cell
nucleus has been shown to be a rate-limiting step in migration
[155, 251–254]. To understand how the mechanics of nucleus
deformation controls the migration dynamics, measuring the
deformation forces acting on the nucleus could yield import-
ant insights. However, direct measurement of these forces act-
ing is experimentally challenging. To circumvent this prob-
lem, recent work proposed a data-driven approach to infer
the deformation force field acting on the nucleus directly
from the observed nucleus shapes, relying on a mechanical
model of the nucleus as either an elastic solid or an elastic
shell [255]. Interestingly, varying the width of the constric-
tion of 3D compliant hydrogel channels in a system mimick-
ing the two-state geometry introduced in section 3.2 revealed
that transmigration speeds exhibit a biphasic dependence on
width, but with similar non-linear deterministic dynamics as
on 2D micropatterns [256]. Specifically, there was an optimal
width comparable to the nucleus diameter where transitions
are fastest, which suggested a transition from a pulling- to a
pushing-dominated mechanism. Another approach proposed
an inferred model of coupled cell migration and nucleus geo-
metry dynamics, resulting in a predictive model across geo-
metries [257]. In the future, these inferred forces and dynam-
ics could be used to constrain bottom-up models of how the
nucleus affects cell migration [258–263].

A key element that is lacking in inferred models of cellu-
lar features is a direct measurement of cell polarity. Potential
definitions include the localisation of polarity cues such as
Cdc42, Rac or Rho GTPases [264] (such as PBD-YFP, a
reporter of Rac1/Cdc42 activation [167]), the localisation of
nucleus–actin binding proteins [141], or the relative position-
ing of cell nucleus and organelles such as the Golgi apparatus
and the microtubule organising centre [265, 266]. However,
large-scale data sets of tracked molecular markers are rare,
likely due to the challenges associated with photo-toxicity of
the markers [267, 268]. An interesting route forward could be
machine learning approaches that allow prediction of fluor-
escent labels based on brightfield microscopy images [269,
270]. Alternatively, a more accessible intracellular observable
are the traction forces, i.e. the forces exerted by cell adhesions
onto the substrate, which can be measured using traction force
microscopy [271]. Indeed, relationships between cell velocity
and asymmetries in the spatial distribution of traction forces
have been established both at the single cell [57, 272] and the
collective level [273].

To develop data-driven models of how traction forces
are determined by underlying molecular concentration fields,
recent approaches based on deep-learning provide a promising
avenue. Specifically, recent work showed that such image-
based deep-learning can be used to predict traction forces from
2D images of focal adhesion proteins [239] (figure 8(I)). This
revealed that a single focal adhesion protein, zyxin, carries
the vast majority of predictive power for traction force pre-
diction. Using physics-constrained neural networks, this leads
to an interpretable model of how a spatially varying focal
adhesion concentration field couples to a mechanical model
of the cell as an effective 2D active elastic gel adhered to

a substrate [229–231]. This approach of learning maps from
intra-cellular features to cellular behaviours could provide an
exciting perspective for building models of the complex rela-
tionships between molecular processes and cell behaviour.

At an even more molecular level, a common question is
often how different classes of molecular players affect each
other causally, in particular in protrusion formation and polar-
ity establishment. This is hard to establish based on pharma-
cological or genetic perturbations, as this usually perturbs the
entire network. An alternative, non-perturbative approach has
been developed using a data-driven method that uses relat-
ive temporal correlations of signalling molecule recruitment
and actin polymerisation within cell protrusions to infer reg-
ulatory networks in a perturbation-free manner [232–234]
(figure 8(G)).

In conclusion, these examples show how inference from
additional cellular features combined with bottom-upmechan-
istic models can help identify the mechanistic underpinnings
of cell migration in complex environments.

7. Learning the collective dynamics of multicellular
systems

In physiological contexts, cells do not only interact with
their confining extracellular environment, but also with one
another [274–276]. Cell–cell interactions allow cells to organ-
ise collective behaviours and thereby address tasks that they
could not solve on their own, such as shaping an embryo
or healing a wound. Cellular interactions depend on com-
plex molecular mechanisms, including cadherin-dependent
pathways and receptor-mediated cell–cell recognition [204,
205, 277–281]. These mechanisms can lead to well-defined,
stereotypical cell behaviours upon collision. A prominent
type of collision behaviour was discovered in the 1950s by
Abercrombie and coworkers [282], and was termed contact
inhibition of locomotion (CIL). CIL refers to the tendency
of cells to retract their lamellipodia, repolarise, and migrate
apart upon contact. While these observations were made in a
simple cell culture on 2D substrates, the relevance of CIL for
physiological processes was later demonstrated, for example
in the development of the neural crest [204, 205, 283].

At larger scales, cell–cell interactions lead to coordin-
ated collective migration, which has been described with a
variety of physical modelling approaches. These include act-
ive hydrodynamic theories [284], vertex [285–287], mechan-
ical [288], and mechano-chemical [289] models, cellular auto-
mata [27, 290], phase-field models [38, 39], as well as act-
ive particle models [291–296] (see [297–300] for reviews).
These modelling avenues typically make a priori assump-
tions on the types of interactions between individual cells, and
therefore classify as bottom-up approaches. Cell–cell inter-
actions are frequently modelled using repulsive potentials as
an implementation of excluded volume interactions, align-
ment terms [292–295], or explicit implementations of CIL-
like reorientation events upon collision [291, 296]. However,
in these approaches, the structure of these interactions are
usually assumed based on physical intuition (i.e. they are
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bottom-up models), not derived directly from experimental
data. Deriving cell–cell interactions directly from data could
have several advantages. Bottom-up models can exhibit model
degeneracy, meaning that multiple possible mechanistic inter-
actions can reasonably well capture the qualitative cell beha-
viours. Furthermore, interacting cells can exhibit complex and
unexpected types of interactions, which might be missed in
bottom-up models that are limited to physics-inspired interac-
tions such as alignment and attraction/repulsion interactions.
Therefore, bottom-up models could be complemented by top-
down inference of interactions directly from data, providing
stronger constraints on such models.

We want to highlight three key hurdles that make the devel-
opment of data-driven approaches for cell–cell interactions
difficult. First, inference in interacting active many-body sys-
tems is technically challenging. To perform inference on such
high-dimensional stochastic systems, a number of approaches
have been developed that we discuss in section 7.1. Second,
the structure of the interactions between cells may be sub-
stantially more complex than typically encountered in active
matter theory, such as nonreciprocal interactions or interac-
tions that adapt and change over time. Third, the complex-
ity of the biological settings in which cell–cell interactions
take place make it difficult to disentangle the distinct contribu-
tions of single-cell behaviour, interaction with the local micro-
environment, cell proliferation, and cell–cell interactions. To
overcome these problems, studying interacting cells in simpli-
fied artificial environments is a promising direction, which we
discuss in section 7.2.

7.1. Inference approaches for interacting active systems

The inference of interactions from experimental tracking data
has been a subject of interest in the field of animal behaviour
for a long time [301]. The basic problem in inferring collect-
ive animal behaviour is very similar to the challenges faced
in collective cell migration data, suggesting that these fields
could learn from or even help each other. Specifically, in both
systems, the basic problem is how to estimate the response of
individuals to the presence of another individual as a function
of their relative distance and orientation. In the context of the
social interactions of fish a number of approaches to address
this problem have been developed [302–304]. These inference
approaches mainly focused on zonal interaction models which
infer how the animal response varies as a function of angle at
which another animal is observed, due to the key role of the
field of vision in animal interactions.

To learn a predictive model of interacting cellular systems,
we require approaches that can infer the interacting equations
of motion of the system, which include both single-cell beha-
viour and interacting terms. A number of such approaches
have been developed for deterministic systems [305, 306], as
well as for stochastic systems in the context of animal beha-
viour [88, 307], and more generally for interacting stochastic
active particle systems [85, 86]. Performing inference on col-
lective systems is challenging due to the high dimension-
ality of the problem: a 3D swarm of N particles has 6N
DOFs (counting only positions and velocities, although more

variables may be relevant), and ‘curse of dimensionality’ argu-
ments make this problem seem intractable. Indeed, the very
simple approach of grid-based binning of the phase space
(section 3.3) is unfeasible as it would require≫ 6N parameters
to accurately represent the dynamics, therefore necessitating
prohibitively large data sets to constrain such an approach.
To overcome this problem, the trick is to adapt the selection
of basis functions in such a way that the inference problem
becomes effectively low-dimensional and thereby tractable. In
the context of a basis expansion (equation (11)), we can think
of binning as using top-hat basis functions at regularly spaced
locations in the phase-space. To make better choices for inter-
acting systems, essentially only step 2.2 of the inference pro-
cedure in section 4.1 has to be adapted, while the other steps
are largely unaffected. The key idea is to simplify the infer-
ence by assuming symmetries of the interactions that reduce
the number of fitting parameters.

The first important simplifying assumption is to treat
particles as identical, such that all particles obey the same
equation of motion. With this assumption, systems with more
particles actually become effectively easier to infer from, as
there is more data per recorded time-step. As proposed in [85,
86], a natural choice of basis functions is then to expand the
deterministic contribution to the underdamped dynamics of
cell i as a sum of one-body and two-body (interaction) terms:

Fi ≈
∑
α

F(1)
α c(1)α (xi,vi)+

∑
β

F(2)
β

∑
i ̸=j

c(2)β (xi,vi,xj,vj)+ . . .

(16)

where higher orders F(3),F(4), . . . can in principle be included
to account for multi-body interactions. This provides a gener-
alisation of the basis expansion in equation (11) to interacting
systems.

The second important assumption is to choose two-body
basis functions {c(2)β }, which reflect additional symmetries
of the interactions, such as radial symmetry of the interac-
tions. In that case, all position dependence simply becomes
a function of the radial distance rij of each pair of cells. A
further promising approach is the inclusion of small convolu-
tional neural networks as the basis functions of the expansion
(equation (16)), which has been applied to the case of inter-
acting active colloids [308]. An advantage of this approach is
that it may reduce the risk of overfitting and provide a flexible
basis for complex interaction functions. Furthermore, combin-
ing symmetry-based constraints with sparse regression [78,
79, 87, 89–91] could provide an avenue to constrain interacting
cellular systems, which was recently demonstrated for simu-
lated models of collective cell migration [309]. As an alternat-
ive approach, physics-informed graph neural networks have
been proposed and applied to epithelial monolayers [310].
In this case, instead of the continuous phase space coordin-
ates {xi,vi,xj,vj}, graph-based features were used as the argu-
ment of the interaction terms in equation (16). Together, these
approaches allow decomposing the inferred dynamics into
single-cell and interaction terms and imposing symmetry con-
straints, and can therefore provides a solution for the curse
of dimensionality problem. This could facilitate inference of
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cell–cell interactions from experimental collective migration
data.

In the context of collective cell migration, a key object-
ive is to identify different classes of interactions that may
have biological interpretation. First, it is important to distin-
guish between two classes of interactions: positional (iso-
tropic) interactions, which only depend on the relative pos-
ition of two cells, such as excluded volume (repulsion) or
adhesion (attraction) interactions. In contrast, orientational
(anisotropic) interactions couple the directional properties
of cells to each other. These can be either nematic, such as
cell elongation, planar cell polarity, or myosin distributions
in epithelia, or polar, such as polarity or velocity vectors.
Examples for this are polarity and velocity alignment, stress–
polarity coupling, and CIL [299]. Importantly, these different
types of interactions imply different couplings of the position,
velocity and polarity vectors of the cells. Thus, inferring the
structure and parameters of cell–cell interactions with a gen-
eral ansatz such as equation (11) directly from experimental
data could then give insight into which of these interactions
are at play.

In the discussion above, cell collectives are approximated
as interacting active particles. The validity of this descrip-
tion may depend on the biological context. For low dens-
ity, non-confluent assemblies of cells with transient interac-
tions (collisions) between cells active particlemodel have been
shown to provide a good approximation to the dynamics [296,
311]. While active particle models have also been success-
ful in describing confluent cell monolayers [292], in this case,
the contact geometry between neighbouring cells is important
for cell–cell interactions, which is defined by the cell shapes.
Thus, accounting for shape is likely more important in the con-
fluent than in the non-confluent regime. Furthermore, cells are
consistently connected to each other, implying that interac-
tions may be governed by the topological graph connecting
the cells (as a function of neighbour relationships) rather than
metric interactions (as a function of distance). Such epithelia
are often described using the so-called vertex model, in which
cell shapes are represented by a set of vertices that denote the
common point of three or more neighbouring cells [286, 287,
312]. The commonly used energy function of this model con-
tains area and perimeter terms, which depend on the vertices
connected to the (on average) six neighbouring cells. A dir-
ect inference of the parameters and interactions of such mod-
els could yield novel insights into how tissues control the col-
lective states of cells. In general, expanding the overdamped
equivalent of equation (16) could account for these interac-
tions, but it will not provide an adapted basis to the geometry
of the problem. Thus, fitting a set of hypothesised dynamical
terms (such as the vertex model) could be a better approach.
However, cellular states in epithelial tissues are known to
undergo dynamical changes, such as changing myosin distri-
butions, and remodelling of the cell edges [10, 313], with key
implications for tissue dynamics [314–316]. This implies that
the dynamical parameters are non-stationary in time, making
the inference problem significantly more difficult.

One avenue to circumvent this problem is to use a basis
of modes that uses the geometry of the epithelial layer more
directly [314, 317]. This approach applies in a regime that
is dominated by tension in the cell edges, and that exhibits
a time-scale separation between the tissue dynamics and the
relaxation of individual cell edges, implying that the vertices
are in force balance. Under these assumptions, the tissue
dynamics decomposes into two independent contributions: the
tensions determine the dynamics of the angles (at fixed areas),
while isogonal modes predict the evolution of areas (at fixed
angles) [314]. Due to force balance at each vertex, the ten-
sions can then be directly inferred from the experimentally
observed angles at each vertex [317]. Thus, in this decom-
position, the tensions are no longer (hidden) parameters that
have to be fitted indirectly, but can be measured directly from
the images. Incorporating simplifying assumptions therefore
allowed a decomposition of the dynamics that makes it feas-
ible to reliably infer time-dependent cellular adaptation. We
will discuss the implications of such tension inference in more
detail in the next section.

Beyond these models of cells as discrete entities, act-
ive polar or nematic hydrodynamic models provide import-
ant conceptual frameworks to describe cellular assemblies.
To learn such models from observed data, inference and
machine learning approaches for active nematics have been
developed and applied in the context of in vitro microtubule
assays [318, 319], and active polar particle experiments [320].
These approaches use the observed velocity fields or cell track-
ing data to uncover the hydrodynamic equations governing
these active matter systems, which could provide a promising
approach for inference from collective cellular systems.

The development of inference approaches that can be
applied to stochastic interacting active systems opens up new
avenues to learn the dynamics of cell–cell interactions directly
from observed data, and we will review such applications in
the next section.

7.2. From cell pairs to collective migration

Having discussed approaches to make inference from act-
ive interacting systems tractable, we turn to the second chal-
lenge: reducing the biological complexity of interacting cellu-
lar systems, to make the decomposition into various contribu-
tions from single-cell dynamics, proliferation, and interactions
tractable. To achieve this, a broad variety of in vitro approaches
to confine groups of cells to defined geometries have been
developed. In some cases, this confinement is kept for the
entire duration of the experiment, while in others it serves
as an initial condition from which cell spreading is observed.
To highlight how cell–cell interactions can be inferred from
these different approaches, we will systematically go up in the
complexity of the experimental approaches, such as increas-
ing cell number and dimensionality of the system, and high-
light how interaction inference was or could be applied to
these systems (figures 9(A)–(I)). Note that our discussion here
is primarily focused on substrate-dependent migration, where
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cells are exerting active migration forces on a substrate in the
direction of their polarity. We will briefly touch on the case of
substrate-independent tissue flow due to active stresses exerted
between the cells through their junctional actomyosin (rather
than between cells and substrate via protrusions) at the end of
this section.

Many systems that are controlled by cell–cell interactions
rely on the concerted dynamics of small groups of cells,
including the dynamics of pairs of cells [204, 321] and migra-
tion of small clusters [322, 323] in developmental systems, as
well as migrating tumour clusters of up to eight cells [324,
325]. Studying cell–cell interactions at fixed total number of
cells N in simplified in vitro systems provides a major simpli-
fication, as the dynamics of cell proliferation can be neglected,
and allows building complexity step-by-step.

The simplest possible cell–cell interaction system is to
keep N= 2 and study the collisions of pairs of cells. This has
been done by studying cell collisions on 1D micropatterned
tracks [96, 97, 148, 326, 327], microfluidics [137], and suspen-
ded fibres [144]. Furthermore, cell pairs have been confined
into closed confinements in which they continuously interact
over long periods of times, including circular [328] and two-
state micropatterns [98] (figures 9(A) and (B)). An advantage
of such closed confinements is that cells interact with each
other repeatedly in a standard environment, leading to long
interacting trajectories.

In previous work, we applied stochastic inference to such
interacting cell pair trajectories to learn the positional and ori-
entational interactions of the cells. To separate these interac-
tions, we used a simplified version of equation (16) and postu-
lated that the dynamics of the system can be described by the
following equation of motion:

dv
dt

= F(x,v)+ f(r)∆x+ γ (r)∆v+ση (t) (17)

where r= |∆x| is the distance between the two cells and
we simplified the dynamics to one dimension since cells
move predominantly along the x-direction of the pattern. This
approach assumes that the deterministic dynamics of the sys-
tem can be decomposed into two separate components: a
single-cell term F(x,v), similar to that inferred from single-
cell experiments, and interactive components, which depend
on the relative position ∆x and the relative velocity ∆v of the
cells. The term f (r) thus represents positional cell–cell inter-
actions such as repulsion and attraction. In contrast, γ(r)∆v
depends on the relative motion of the cells, and is therefore
an orientational interactions with the mathematical form of
an effective frictional interaction. For γ < 0, this interaction
accounts for alignment between cells, as it seeks to minim-
ise differences in relative velocity [292, 293]. To infer this
model (equation (17)), we use a basis expansion of the two-
body terms {c(2)β } that assumes radial symmetry of the inter-
actions as the kernels f and γ only depend on the distance
r. The basic inference procedure for this case is the same
as for single cells: we infer the model using a suitable basis
expansion, and then make predictions for long time-scale
statistics of the interacting dynamics, which match those

observed experimentally. Importantly, we also find that the
single-cell term inferred from two-cell experiments matches
that inferred from single cell experiments, suggesting that
the separation of interactions and single-cell behaviour was
successful.

Interestingly, the inference revealed that a non-cancerous
(MCF10A) and a cancerous (MDA-MB-231) breast tissue cell
line exhibit distinct types of interactions: while the MCF10A
cells exhibit repulsive and regular frictional interactions, the
MDA-MB-231 attract at short distances and exhibit a pos-
itive friction term (γ > 0) (figure 9(K)). This ‘anti-friction’
interaction ensures that rather than slowing down upon col-
lision, cells deterministically accelerate, leading to the char-
acteristic sliding events observed for this cell line. The model
(equation (17)) furthermore suggests an ‘interaction behaviour
space’, which relates the physical interaction terms to the cell-
cell collision behaviour of the system, suggesting that this
framework could potentially describe various cell–cell inter-
action modes known in the biological literature [97, 205, 326,
331, 332], including reversing, sliding and following interac-
tions (figure 9(L)). These inferred interactions could in the
future provide constraints for bottom-up models of cell pair
collisions [144, 333]

Going beyond cell pair dynamics, several studies have sys-
tematically investigated the effects of increasing the num-
ber of interacting cells one by one. First, on circular micro-
patterns going from N= 2 to N= 8 revealed cell number-
dependent rotational behaviours [27] (figure 9(B)). Secondly,
a number of studies have investigated the behaviour of small
clusters of cells on linear and circular microstripes [334–339]
(figures 9(C) and (D)). For instance, in trains of keratocyte
cells confined to 1D stripes, the speed of the train was shown
to be independent of the number of cells in the axial direc-
tion, i.e. parallel to the direction of motion [337]. In contrast,
train speed decreased with cell number in the lateral direction,
i.e. orthogonal to the direction of motion. This observation
constrained a bottom-up active matter simulation to identify
the cell–cell interactions in the clusters.

The approach of using experimental data to constrain the
interactions in bottom-up active particle simulations has been
successful in a broad variety of larger scale systems at the scale
of hundreds of cells. One strategy to regularise collective beha-
viour has been to confine cells to a circular confinement which
is then released by mechanical or chemical means to allow
spreading of cells (figure 9(E)). InDictyostelium colonies, this
revealed that a new type of interaction had to be included in
an active particle model for the system, which enhances rather
than inhibits motility upon collision and was termed contact
enhancement of locomotion [296]. In cancer cell colonies, a
similar experimental and theoretical approach revealed how
E-cadherin junctions control excluded volume interactions
between cells by ‘sharpening’ inter-cellular boundaries [311].
At the scale of confluent monolayers of cells (figure 9(F)),
the cell–cell interactions were captured employing active mat-
ter models, using the velocity distributions and correlations as
a constraint [292]. In these large-scale systems, direct infer-
ence of cell–cell interactions is challenging, although recent
work proposed a systematic fitting procedure of a Viscek-type
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Figure 9. Learning cell–cell interactions from collective cell migration experiments. (A)–(I) Systems to study collective cell migration with
increasing number of cells and complexity: cell pairs (A); circular micropatterns (B); linear (C) and periodic (D) microstripes; collective
escape from a confined area (E); spreading monolayers (F), 3D spheroids (G) and embryos such as fly (H) and zebrafish (I). (J) Time series
of two interacting MDA-MB-231 cells transfected with LifeAct-GFP. Arrows highlight regions of pronounced actin activity, and the arrow
colour indicates the cell identity. (K) Inferred cohesive interaction term f(r)∆x (left), and effective frictional interaction term γ(r) for
non-cancerous MCF10A cells (green) and cancerous MDA-MB-231 cells (blue). (L) Interaction behaviour space predicted by varying the
amplitude of the cohesive and friction interactions. Colour and cartoons indicate the dominant collision behaviour at each point, and the
inferred locations of both cell types are indicated. Reproduced with permission from [98]. CC BY-NC-ND 4.0. (M), (N) Representative cell
trajectories within living tissues, from human umbilical vein endothelial cells (HUVEC, left) and metastatic human breast cancer cells
(MDA-MB-231, right). Scale bars: 100 µm. Normalised attention weight contour plots for both cell types. Red circle: radius of the closest
neighbour location. Reproduced from [329]. CC BY 4.0. (O)–(P) Mode decomposition of early zebrafish development. Microscopy images
(O, scale bar: 100µm) and tracked cell positions (P, blue dots) as a function of developmental time. (P) Density (colour) and flow fields
(arrows) corresponding to the same images. Reproduced from [330]. CC BY 4.0.

alignment model to collective monolayer migration [340].
A key challenge in this context is twofold: firstly, traject-
ory data of sufficient quality is required to perform infer-
ence. Specifically, cells disappearing and reappearing from the
tracking are a problem when inferring particle-based interac-
tions, since all cells that are present should be considered to
infer the interactions. Secondly, a formulation of equation (16)
has to be found that is on the one hand flexible enough to cap-
ture potentially complex types of cell–cell interactions (which
for instance do not have to obey radial symmetry), and on the
other hand be restricted enough to allow accurate inference.
Here, combining stochastic inference with sparsity constraints
may be a way forward [78].

To test the potential symmetries of cell–cell interac-
tions, a data-driven approach for cells in 2D monolayers
using attention neural networks was recently proposed [329]
(figures 9(M) and (N)). This approach detects how predict-
ive the behaviour of neighbouring cells is for the behaviour
of a given cell. In the case of radially symmetric interactions,

such as in a Viscek-type alignment model, this attention map
should be radially symmetric. However, this approach revealed
that the single-cell response of fibroblast and epithelial cells
are mainly affected by interactions with the neighbours ahead
of them in the direction of motion (figure 9(N)). In contrast,
the interactions appeared isotropic in cancer cell collectives,
showing how different cell types may exhibit different types
of interacting symmetries.

Understanding cell–cell interactions becomes significantly
more complicated in 3D systems, where cell migration often
occurs on complex, curved surfaces. Therefore, data-driven
theoretical approaches to these systems have primarily relied
on a tissue-level or continuum description, rather than cell-
resolved analysis as considered in the previous examples.
Based on this, data-driven approaches for these systems often
seek to decompose the dynamics into a low-dimensional set of
modes, which we discuss next.

To study 3D collective migration in vitro, minimal systems
include cylindrical and spherical confinements (figure 9(G)).
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In the case of spheroids, migrating cells usually setup global
rotations of the tissue [341–345]. Based on experimental cell
trajectories, these rotational velocity fields could be decom-
posed into the basic mode of a rotational velocity field and
the fluctuations in the co-rotating frame [344]. In cancer
organoids, this revealed travelling velocity waves with vortex
flows [344], while in pancreas spheroids, a chiral velocity field
was identified [345]. These collective modes could then be
recapitulated with active cell migration models confined to the
sphere, demonstrating that these modes are a generic response
of active polar dynamics of cells to curvature.

The problem of inferring cell–cell interactions becomes
more complex in in vivo systems such as developing embryos.
A popular model organism for cell migration in embryogen-
esis is zebrafish (figure 9(I)). During zebrafish gastrulation,
the tissue performs major rearrangements using a range of
of biophysical processes, including guidance of cells by self-
generated gradients [346], motility-driven unjamming [347],
and ECM-independent cell migration [348]. While these vari-
ous processes have been addressed with bottom-up active
particle models, learning models from such embryo data could
provide insight into the collective dynamics of this complex
system [24]. This was recently done at the scale of the entire
embryo by decomposing the motion of the cells into a set of
low-dimensional ‘developmental modes’ [330] (figures 9(O)–
(Q)). Specifically, density and flow fields were decomposed
into a combination of basis functions (analogously to the
basis functions for dynamical terms (equation (11))), using
the spherical harmonics due to the shape of the system.
The dynamics of these modes could then be described with
equations of motion identified by sparse regression. This
allowed direct inference of a hydrodynamic model, revealing
similarities between whole-embryo cell migration and active
Brownian particle dynamics on curved surfaces.

In addition to cell migration, tissue flows due to active
stresses exerted between cells are a key feature of morpho-
genesis, such as in Drosophila gastrulation (figure 9(H)). A
common approach here is to develop continuum tissue mech-
anics models of embryos that match constitutive relations of
active materials with experimental observations [349–352].
In a further step, a machine learning approach was pro-
posed to infer the coupled dynamics of the key molecular
components (myosin and E-cadherin) and the morphogenetic
flow [353]. To understand how these tissue-level processes
are orchestrated at the cellular scale, recent work has pro-
posed an approach to infer the active tensions driving tissue
flow from the observed cell geometry based on the assump-
tion of force balance [314, 317]. This allows a mode decom-
position of the tissue dynamics into the dynamics of junc-
tional angles (determined by tension) and cell areas (isogonal
modes) (also refer to more general discussion in section 7.1).
This also allowed disentangling active vs passive T1 trans-
itions in the tissue, which have been shown to enable conver-
gence extension-movement in large-scale tissue deformation
processes such as during gastrulation [315–317]. In general, a
key challenge to test how well these models are constrained
and their predictive power is whether one can for instance

predict mutants, generalise the findings to other organisms, or
make predictions for new experiments.

As a perspective for future research using data-driven
approaches for interacting cells, we foresee two primary dir-
ections. On the one hand, data-driven approaches for cell–cell
interactions could provide an avenue to better understand how
molecular processes control interacting behaviours. One pos-
sible approach is to pharmacologically target molecular com-
ponents that are known to be important in controlling cell–cell
interactions, and then inferring the resulting change in dynam-
ics. This may provide a way to identify the link between indi-
vidual components with their role in the emergent behaviour.
For example, a key question raised by the inference on two-cell
collisions is how the separate positional and effective frictional
components are controlled by molecular components. In par-
ticular, it is unclear what underlying mechanism controls the
switch from friction or anti-friction interactions observed in
non-cancerous and cancerous cells, respectively. Candidates
are E-cadherin mediated cell–cell junctions, which are down-
regulated in cancer cells [97], or ephrins, which play a key role
in cell–cell recognition [283]. Furthermore, to understand the
emergence of the repulsive interaction between cells, which is
responsible for CIL, polarity cues, such as RhoGTPases, could
be perturbed. These components are likely important in how
cells change their direction of motion, an important process in
the reversal events associated with CIL [96]. Thus, combining
interaction inference with molecular perturbation in cell pair
collision experiments could provide an avenue to link mech-
anisms and behaviour in interacting cellular systems.

On the other hand, learning cellular interactions could help
constrain active matter models which can then be used to
make predictions for new experiments and biological systems
beyond the dataset the model was trained on. For instance,
inferring cell–cell interactions from pairs of colliding cells
(figure 9(A)) allowsmaking predictions for these types of cells
in more complex collective systems (figures 9(B)–(G)). This
would allow testingwhether collective systems are explainable
based on two-body interactions, reciprocal interactions, and
whether these interactions exhibit adaptation to their environ-
ment. Inference of cell–cell interactions can therefore provide
an important route towards understanding the active matter
physics of interacting cells.

8. Outlook

In this review, we have discussed how data-driven approaches
make it possible to learn dynamical models of single and col-
lectively migrating cells directly from experiments. The first
part of this review on single-cell dynamics contained three
main themes: how to infer and conceptualise models of cell
behaviour in unstructured (free 2D) and structured (confin-
ing) systems; how to generalise these models to account for
temporal and cell-to-cell variability in behaviour; and how
to relate these behaviours to bottom-up models and under-
lying molecular mechanisms. While significant progress has
been made in recent years to address these problems, much
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remains unknown. The basic molecular mechanisms that drive
migration are increasingly well understood, but an integrated
understanding of how these mechanisms interplay to set the
emergent stochastic behaviours of cells at long time-scales
still remains elusive. Furthermore, it remains unclear how
the motility and cytoskeletal machinery of cells respond to
external confinements at the molecular level, and how these
responses determine the emergent behaviour.

So far, data-driven models of cell migration dynamics,
from persistent random motion, to confined cell migration
and interacting cells, have often been limited to the treatment
of low-dimensional sets of cellular DOFs, such as cell nuc-
leus trajectories. These models could in the future provide
important constraints for bottom-up biophysical models (see
section 6.1). This could yield more interpretable, yet strongly
data-constrained descriptions, of the underlying mechanisms.
Another exciting avenue is to take data-driven approaches to a
more mechanistic level by tracking and analysing subcellular
DOFs, such as actin flows, polarity markers, or traction forces
(see section 6.2).

In the second part of the review, we discussed how data-
driven approaches for cell–cell interactions could provide an
avenue to better understand how molecular processes con-
trol interacting behaviours by performing model inference
on a range of genetic and pharmacological perturbations of
underlying migration and interaction mechanisms. Inferring
these interactions for a range of cell types and extra-cellular
environment could reveal new and unexpected types of inter-
actions, such as non-reciprocal, adaptive, or time-dependent
terms. The inferred interactions could then allow simulation
and prediction of the collective dynamics at larger scales.
This would allow testing whether two-body dynamics are
predictive of many-body dynamics. In systems where the
inferred two-body interactions are non-standard, this would
also allow exploring their consequences in more complex
systems. Moreover, applying inference directly to collective
migration datasets, allowing to disentangle the separate contri-
butions of single-cell motility, cell–cell interactions, cell pro-
liferation and external confinements.

An attractive perspective is that beyond providing tools for
building predictive physical models and constraining underly-
ing mechanisms, data-driven approaches can also help provide
new conceptual insights. Cell migration requires the coordin-
ation of a multitude of molecular players on the cell level
and of the behaviours of a large number of cell on the tissue
scale, such as the equilibration to force balance in epithelia.
Achieving such coordination has been proposed to occur on
low-dimensional ‘slow’ manifolds in high-dimensional sys-
tems in a variety of contexts. An example for this are cell
fate decisions, where high-dimensional expression profiles can
be described by effective 2D dynamical systems [354, 355],
as originally introduced through the idea of Waddington’s
landscape [356]. Similar principles could potentially play a
role in how cells and tissues coordinate their behaviours,
and data-driven inference could allow us to identify the low-
dimensional dynamical systems and attractor manifolds gov-
erning these behaviours.

These perspectives demonstrate how data-driven
approaches have the potential to address key open questions
in single and collective cell migration. A common thread in
these ideas is that by applying data-driven inference to exper-
imental datasets, we can complement models developed from
the bottom up, by inferring models directly from data. Based
on these inferred dynamics, we can then attempt to constrain
underlying mechanisms, and predict emergent behaviours of
the system.
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