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Modeling collective cell behavior in cancer:
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Collective cell behavior contributes to all stages of cancer progression. Understanding how collective
behavior emerges through cell-cell interactions and decision-making will advance our understanding of can-
cer biology and provide new therapeutic approaches. Here, we summarize an interdisciplinary discussion on
multicellular behavior in cancer, draw lessons from other scientific disciplines, and identify future directions.

Introduction tions, the ability to survive, grow, and cogenes and tumor suppressors, cell-cy-
Efforts to understand cancer have tradi- move when it otherwise should not. The cle checkpoints, control of cell growth,
tionally examined how a single cell ac- focus on individual cells has led to impor-  repair of DNA damage, and mechanisms
quires, through a series of stepwise muta-  tant discoveries about the functions of on-  of cell death; however, it has fallen far
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short of illuminating a more integrated and
systemic understanding of cancer devel-
opment. More recently, there has been a
shift away from the “one rogue cell”
view of cancer, with more and more can-
cer biologists and engineers beginning
to view this disease as a complex system,
in which the acquired abilities of cancer
cells are critically tied to their interactions
with other cell types, both mutated and
not, and firmly rooted in cellular behaviors
beyond cell survival, growth, division, and
movement (e.g., invasion, quiescence,
spatial patterning, and remodeling the
environment).

Collective cell behavior, which is
strongly influenced by context, contrib-
utes to distinct stages of tumor progres-
sion, including initiation, metastasis,
recurrence, and response to treatment.
For example, when teratocarcinoma cells

are taken from a mouse tumor and in-
jected into a developing embryo, the
pup develops normally. If these cells are
then isolated and injected into an environ-
ment that supports tumors, teratomas are
again obtained, demonstrating the impor-
tance of the surrounding environment
in suppressing tumor formation.” Cells
frequently act collectively to escape the
primary tumor and invade the surrounding
stroma, and metastasis can be more effi-
cient when cells traverse the vasculature
together rather than alone.? Similarly,
treatment response may depend on inter-
cellular interactions. For example, tumor
cells evade BRAF mutant therapies
by modulating growth factor signaling
through hepatocyte growth factor from
stromal fibroblasts.® Finally, a dynamic
interplay between tumor cells and the im-
mune system contributes critically to the

acquisition of malignancy and response
to treatment.* Despite this, we currently
lack quantitative and conceptual models
that consider the diversity of cell-cell in-
teractions that occur across multiple
spatial and temporal scales. Such models
are required to explain the spectrum
of collective behavior that is associated
with cancer.

A group of researchers from diverse
biological and quantitative fields recently
gathered for a 5-day innovation lab facili-
tated by the National Cancer Institute
titted “Modeling Emergent Cellular
Behavior in Cancer” (February 25-26
and March 1-2, 5, 2021) to consider the
processes by which the behavior of indi-
vidual cells and their interactions generate
the collective behavior of cancerous tis-
sues, and to draw lessons from other sci-
entific disciplines that have met similar
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challenges. Here, we summarize the ma-
jor themes of this conversation.

Collective behavior emerges from inter-
actions among different cells. It is increas-
ingly clear that distinct types of collective
behavior in cancer are rooted in the rela-
tionship among cells. Cancer cells can
interact with each other or with non-ma-
lignant cells. Non-malignant cells, such
as macrophages and fibroblasts, can
also interact with each other. Interactions
can be short lived (e.g., diffusible, electri-
cal signals, or active stresses) or long
lived (e.g., secreted components such
as the extracellular matrix [ECM] that
can alter tissue stiffness, ligand availabil-
ity, etc.). In turn, these interactions are
embedded within the context of the sur-
rounding tissue, the immune system,
and the chemical and physical microenvi-
ronment. By learning how cells interact to
give rise to tumor behavior, we can then
manipulate these interactions to prevent
tumor progression and improve the
design of future drugs targeting these in-
teractions. At a minimum, this under-
standing requires identifying the cellular
partners involved, the direction of interac-
tion(s), the nature of the intercellular signal
(e.g., mechanical, electrical, or chemical),
and how these properties are interpreted
by the cell. Spatial molecular atlases of tu-
mor microenvironments provide informa-
tive measurements on these key compo-
nents of collective behavior; however,
further development of experimental and
computational approaches is needed to
understand how these dynamic systems
generate collective outcomes.

What is a state? In developing an under-
standing of collective behavior, it is impor-
tant to define the concept of a cell state.
Different fields use the term in unique
ways. In cellular and molecular biology,
an individual cell’s state is defined as the
configuration of its molecular compo-
nents. At the coarse-grained level, we
can define cell state S(f) at a given time
by the amount x; of each molecule i in
the cell. S(t) is a state vector; S(t) = [x4(t),
Xo(t) ... xn()] for a cell of N components.
Single-cell RNA sequencing measure-
ments yield a state vector that includes
thousands of transcript types. A more
complete description might also incorpo-
rate the intracellular location and move-
ment of molecules over time and proper-
ties that emerge from the molecules
such as a cell’'s mechanical, morpho-
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metric, and electrical descriptors. Cells
and groups of cells are dynamical sys-
tems with state variables that change
over time autonomously (e.g., through
mutation and biological noise) or due to
microenvironmental factors and cell-cell
interactions. Therefore, we need to look
beyond a catalog of cell states to under-
stand how interactions shape this system
to generate population-level outcomes in
cancer.

Interactions and the study of
collective behavior in cancer
Interactions are required for collective
behavior. The collective behavior of com-
munities of cells arises from their cellular
interactions. Quantitatively, “interaction”
means that the state of one cell depends
on the state of another, without regard to
mechanism. Interactions can be as simple
as attraction or repulsion. The outcome of
even the simplest interactions on commu-
nities of cells can be non-intuitive. For
example, simple systems involving motile
“cells” that only repel and lacking feed-
back are capable of collectively organizing
into domains of high and low density.®
Adding feedback to these simple interac-
tions can result in far more surprising col-
lective behaviors. Such systems are
described as ‘“self-organizing” because
their collective behavior emerges from
the interactions among the cells and the
feedback these interactions have on cell
state. The properties of a self-organizing
system depend on interactions: cells
communicate information and alter their
state in a manner that depends on their
location (which determines the strength
of the interaction) and current state (which
determines the outcome of the feedback).
These systems therefore exhibit the ability
to perform information processing or regu-
lated response to changing conditions.
Because regulation keeps the system
within some bounds, it requires that infor-
mation about deviations from those
bounds feeds back into the system. Can-
cers can be challenging to treat because
cells block, short circuit, or modulate the
layers of interactions and feedback con-
trols that regulate healthy tissues.®
Interactions are also impacted by sto-
chastic processes acting at both the mo-
lecular and tissue scale. For example,
during the development of tumors, not
all carcinoma cells will contribute to tumor
growth, invasion, or metastasis. The
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growth of clinically detectable carci-
nomas can be an all-or-none process,
with a fraction of nascent lesions switch-
ing to a proliferative state while many
others remain indolent. Moreover, evolu-
tionary processes like neutral drift can
allow small numbers of clones to become
dominant within a population without hav-
ing a measurable selective advantage.
Tumor growth, therefore, is driven by the
“forces” of cell-cell interactions, but it is
also influenced by rare events and tipping
points that may themselves be a conse-
quence of interactions within the tumor
microenvironment. Unfortunately, studies
of tumor growth often do not capture this
phenomenon. Preclinical tumor models
are frequently designed to be determin-
istic and fully penetrant. When using these
models, researchers typically measure tu-
mor growth; however, models that cap-
ture the intrinsic stochasticity of cancers
could measure the probability of events
associated with tumor progression,
thereby better revealing the mechanisms
that allow tumors to move through key
bottlenecks in their evolution and spread.

New study designs are attempting to
address this issue by studying bifurca-
tions in outcome that occur in natural sys-
tems as the number and composition of
tumors are altered systematically. For
example, in a Lewis lung carcinoma
model, implantation of 106 cells produces
tumors in 100% of the animals, while im-
plantation of 103 cells produces dormant,
non-proliferative lesions in 100% of ani-
mals. However, when 104 cells are im-
planted, ~50% of the lesions remain
dormant while ~50% proliferate to yield
invasive tumors, with growth rates that
match the tumors generated from 106
cells.® This is an example of a tipping point
in the system, where a small change in an
input signal or underlying parameter can
cause the system to evolve toward a
completely new state. Here, the surround-
ing tissue presumably loses its ability to
maintain homeostasis because of interac-
tions with tumor cells. Such feedback
generated through cell-cell interactions
can lead to many different and non-intui-
tive outcomes in these complex systems.

What are the important interactions to
observe and manipulate? To learn how
feedback is operating, the first step is to
identify which cells are involved. The next
step is to learn how interactions among
cells generate feedback. Finally, it is
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important to identify the range
of parameters for which feed-
back can maintain the system
within a particular state. Feed-

back can take many different AT—

forms (Figure 1).

1. Isitactivating or inhibit-
ing? Cells can signal
to promote or inhibit

a neighbor’s activity. A<—
For example, growth T
factors can promote S

proliferation, while cell-
cell contact and adhe-
sion can inhibit prolifer-
ation. Note that judging
what is  activating
or inhibiting is not
always easy, because
the same feedback may function
differently depending on context.

2. Is the interaction reciprocal?
Cells can engage in bidirectional
signaling, mutually altering each
other’'s behavior. For example,
mutual activation leads to a growth-
promoting positive feedback, and
mutual inhibition to the potential for
a biological switch.

3. Is the degree of interaction modi-
fied by the presence of absence of
another signal? For example,
some cells only respond to mito-
genic signals in the presence of
other permissive signals.

Except in special cases, the dynamical
consequences of these interactions
cannot be derived intuitively just by look-
ing at the signs on these diagrams (e.g.,
positive or negative) because multiple sig-
nals can interact through feedback to
generate nonlinear effects. For example,
the 3-way interaction shown in Figure 1 il-
lustrates one case of context dependence
that leads to a nonlinear outcome, an
interaction modification that could alter
an existing interaction. The dynamics
further complicate the outcome of inter-
actions due to variability in the time
required for information to pass through
signal processing networks and mani-
fest as transcriptional or translational
changes, as well as the distance that mol-
ecules or cells need to diffuse. Computa-
tional modeling provides a powerful
approach to resolve this complexity and
predict the outcome of interactions.

Cell type A signals to cell type B often as part
of a signaling cascade. This signal could
activate or inhibit B.

B A return signal from B alters the behavior

of A. Appropriate combinations of
activating and inhibiting effects create
positive and negative feedbacks.
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even possible to know when
an important cellular interac-
tion is missing given how little
we know about the impact of
these interactions on tumor
progression. Defining the right
scale to study the collective
behaviors of cancer cells,

between A and B.

Figure 1. Modes of interaction and feedback

Further, experimental approaches to test
these predictions are critical.

Questions of scale, or identifying the
right size to understand cancer. We aim
to study the cellular interactions that
contribute to tumor progression in the
most relevant context: the body of a hu-
man being. However, the complexity of
the human body makes many such
studies impractical, and the ethical and
financial challenges associated with hu-
man trials are frequently insurmountable.
We therefore need to examine the dy-
namic interactions that are important for
disease progression in other contexts,
such as animal and in vitro models.
Defining a minimal model and the appro-
priate scale to probe and understand tu-
mor biology presents several important
conceptual and experimental questions.
At the conceptual level, we must ask at
what level of abstraction we should mea-
sure and analyze the progression of a tu-
mor. For example, do we care about the
state of actin in a tumor cell as it moves,
or do we care about the active mechanics
(which emerge from the dynamics of actin)
among groups of cells as they push, pull,
and guide themselves within and ulti-
mately out of a tumor? Both are essential
to tumor progression, but studying one
often prevents the detailed analysis of
the other because they operate at different
time and length scales. At the experi-
mental level, we must ask how many cell
types are sufficient to model a tumor,
and how many can be removed while re-
taining the relevant interactions and phe-
notypes? We must consider whether it is

and the challenges of reduc-
tionism, is not trivial.

More complex networks emerge through
higher order interactions, such as the
interaction modification, where the
presence of a signal S can alter the
strength or sign of the interaction

Lessons from other fields
What lessons can we learn
about cancer biology from
behavioral ecology? Investi-
gation of collective behavior
in animals provides a blue-
print for how to study collec-
tive behavior in cells. The field
asks how interactions among
individuals have collective outcomes
that adjust to changing conditions. For
example, simple olfactory interactions
among ants allow colonies to respond to
changes in food availability, although no
leader directs them, and no ant makes
any global assessments.

Ecological studies use perturbation ex-
periments to provide clues to understand-
ing the diverse outcomes of collective
behavior in different environments. For
example, ants are extremely diverse,
with each of about 14,000 species having
its own forms of collective behavior that
are frequently regulated by olfactory
interactions.” By changing conditions in
a perturbation experiment, it is possible
to learn how interactions are used to
respond to conditions. For example, to
understand how changes in food avail-
ability or a rupture in a trail network alter
interactions, we can offer food or remove
it, or change the course of the trail
network to understand the logic under-
lying the chemical interactions that pro-
duce recruitment trails. Perturbation ex-
periments have also been used to show
how ants use encounter rate to regulate
foraging activity. Note that, because the
environment and interactions are not in-
dependent of each other, experiments
will be most informative if the perturbation
occurs within the normal range of environ-
mental conditions.

In a similar way, cancer researchers
might use perturbation experiments to
alter the diverse interactions in the tumor
microenvironment that determine collec-
tive cellular behavior in order to learn
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how tumor cells respond to local condi-
tions. Such an approach reveals that the
impact of these interactions can be pro-
found. For example, Weaver and Bissell
found that disruption of a single interac-
tion between breast cancer cells and the
ECM through blocking B1 integrin could
correct tissue architecture in tumor orga-
noids.® In another example, disrupting a
specific cell-cell interaction between
tumor cells and macrophage through
ablation of CSF-1 delayed the recruitment
of macrophages to tumors and slowed
metastasis, while overexpression of
CSF-1 led to macrophage recruitment
and accelerated metastasis.” Beyond
examining pre-existing interactions within
tumors, introduction of novel interactions
into the tumor microenvironment can pro-
vide similarly novel mechanisms for tumor
growth and metastasis. For example,
Polyak and colleagues overexpressed a
library of secreted factors from individual
tumor clones in vivo and found that
CCL5 and IL11 could drive extensive tu-
mor vascularization and growth. 0
Emerging technologies will facilitate
these types of experiments. Advanced
systems for inducing mosaicism and
tracking tumor clones in vivo allows re-
searchers to monitor the effect of onco-
genic mutations in single cells within the
normal microenvironment.’ "2 New engi-
neered systems enable researchers to
monitor and induce dynamic cell-cell
interactions in complex environments
in mouse.’® Microphysiological systems
provide a reductionist approach for
building mini cellular “ecosystems” that
are more amenable to imaging, molecular
analysis, and perturbation. Ongoing
development and adoption of tools such
as this is required to test and refine con-
ceptual and computational models of
multicellular processes in cancer.
Normal development and aging. Collec-
tive behavior in cancer emerges through
the repurposing of the same basic bio-
molecular components used to build or
maintain the normal tissue from which
they are derived. For example, cell-cell in-
teractions that are critical during normal
pre- and post-natal development are typi-
cally suppressed in most adult tissues but
can become reactivated in tumors. One
set of interactions act to suppress the
immune microenvironment around the
placenta during fetal development and
are critical to prevent rejection of the fetus
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by the maternal immune system. Near
parturition this process is reversed by
proinflammatory factors, leading to phys-
iologic rejection of the developed fetus.
This natural immune suppression during
pregnancy results in relief of the symp-
toms of autoimmune disorders in preg-
nant women.'# Conversely, tumors toler-
ated by pregnant mice are rejected after
parturition. The reversible nature of
maternal-fetal tolerance can help us un-
derstand how to harness the immune sys-
tem to combat cancer.

On the other end of the developmental
spectrum is aging, which is the best
appreciated risk factor for cancer. Aging
is associated with numerous genomic
changes, but like cancer, these changes
are not sufficient to explain aging without
considering their impact on cell-cell inter-
actions. One type of cell-cell interaction
that is essential for developing and main-
taining tissues is cell competition, where
more fit cells actively remove or kill less
fit cells.’™® For example, normal tissues
can respond to the altered behaviors or
biophysical properties of neighboring
neoplastic cells and extrude them, result-
ing in their apoptosis or invasion. This
process depends on the existence of
normal neighboring cells; as tissues age,
increasing numbers of cells are damaged
and the efficiency of cell purging de-
creases. Oncogenes such as myc can
enable individual cells to induce the
death of surrounding normal tissue, for
example, Myc gain-of-function mutations
allow mutant cells to outcompete and kill
neighboring normal cells in Drosophila.
Similarly, senescent cells secrete factors
that can reprogram the behavior of nearby
cells. It remains to be seen how these in-
teractions contribute to the early and
late stages of cancer progression.

Conclusion

Identifying cancer cell behaviors and
enumerating their genetic and molecular
underpinnings has explained much about
cancer progression; however, key steps
in the process have resisted explanation,
limiting our understanding of initiation,
metastasis, recurrence, and response to
treatment. Studying cancer as a multicel-
lular process, involving a diversity of inter-
action and feedback mechanisms at the
tissue level will be critical for advancing
the field. This will require the development
of new model system and measurement
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modalities, validated in vivo, that provide
deep quantitative phenotypic and molec-
ular data. Placing these measurements in
the appropriate conceptual framework
will require adapting concepts from adja-
cent fields and building new mathematical
and computational models of multicellular
phenomena. Testing these models will
require new tools for perturbing tissues
at the molecular, cellular, and tissue
scales. Will developing these approaches
finally facilitate understanding cancers as
the complex systems that they are, and
will this understanding have an impact in
the clinic? We propose that because col-
lective behaviors play important roles in
cancer progression and resistance to
treatment, untangling the network of
cellular interaction that regulate collective
behaviors will provide new strategies for
slowing, halting, reversing, and even pre-
venting cancer.

ACKNOWLEDGMENTS

Funding for the “Modeling Emergent Cellular
Behavior in Cancer Innovation Lab” was provided
by the National Cancer Institute.

DECLARATION OF INTERESTS

Z.J.G. is an advisor and/or board member of
Scribe Biosciences, Provenance Bio, and Serotiny.
Z.J.G. is an author on patents related to the topic of
this commentary. E.L. reports research grants from
the American Cancer Society (RSG-22-022-01-
CDP) 2022-2026, and the Minnesota Ovarian Can-
cer Alliance in 2019, 2021, and 2022; honorarium
and travel expenses for a research talk at
GlaxoSmithKline in 2016; honoraria and travel ex-
penses for lab-based research talks 2018-21,
and equipment for laboratory-based research
2018-present, Novocure, Ltd; honorarium for
panel discussion organized by Antidote Education
for a CME module on diagnostics and treatment of
HER2+ gastric and colorectal cancers, funded by
Daiichi-Sankyo, 2021 (honorarium donated to
lab); compensation for scientific review of pro-
posed printed content, Elsevier Publishing and
Johns Hopkins Press; consultant, Nomocan Phar-
maceuticals (no financial compensation); Scientific
Advisory Board Member, Minnetronix, LLC, 2018-
2019 (no financial compensation); consultant and
speaker honorarium, Boston Scientific US, 2019;
Institutional Principal Investigator for clinical trials
sponsored by Celgene, Novocure, Intima Biosci-
ences, and the National Cancer Institute, and Uni-
versity of Minnesota membership in the Caris Life
Sciences Precision Oncology Alliance (no financial
compensation). D.P. is a member of the advisory
board of Insitro. G.L.S. is a current employee of
Seagen and is an inventor on patents related to im-
munotherapies for treatment of cancer.

REFERENCES

1. limensee, K., and Mintz, B. (1976).
Totipotency and normal differentiation of


http://refhub.elsevier.com/S2405-4712(23)00078-9/sref1
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref1

Cell Systems

Commentary

single teratocarcinoma cells cloned by injec-
tion into blastocysts. Proc. Natl. Acad. Sci.
USA 73, 549-553.

. Aceto, N., Bardia, A., Miyamoto, D.T.,
Donaldson, M.C., Wittner, B.S., Spencer,
J.A, Yu, M., Pely, A., Engstrom, A., Zhu, H.,
et al. (2014). Circulating tumor cell clusters
are oligoclonal precursors of breast cancer
metastasis. Cell 158, 1110-1122.

. Straussman, R., Morikawa, T., Shee, K.,
Barzily-Rokni, M., Qian, Z.R., Du, J., Davis,
A., Mongare, M.M., Gould, J., Frederick, D.T.,
et al. (2012). Tumour micro-environment elicits
innate resistance to RAF inhibitors through
HGF secretion. Nature 487, 500-504.

. de Visser, K.E., Eichten, A., and Coussens,
L.M. (2006). Paradoxical roles of the immune
system during cancer development. Nat.
Rev. Cancer 6, 24-37.

. Takatori, S.C., Yan, W., and Brady, J.F. (2014).
Swim pressure: stress generation in active
matter. Phys. Rev. Lett. 7713, 028103.

. Panigrahy, D., Edin, M.L,, Lee, C.R., Huang, S.,
Bielenberg, D.R., Butterfield, C.E., Barnes,
C.M., Mammoto, A., Mammoto, T., Luria, A.,

et al. (2012). Epoxyeicosanoids stimulate mul-
tiorgan metastasis and tumor dormancy
escape in mice. J. Clin. Invest. 122, 178-191.

. Gordon, D.M. (2019). The Ecology of Collective

Behavior in Ants. In Annual Review of
Entomology, 64, A.E. Douglas, ed. (Annual
Reviews), pp. 35-50.

. Weaver, V.M., Petersen, O.W., Wang, F.,

Larabell, C.A., Briand, P., Damsky, C., and
Bissell, M.J. (1997). Reversion of the malig-
nant phenotype of human breast cells in
three-dimensional culture and in vivo by in-
tegrin blocking antibodies. J. Cell Biol. 137,
231-245.

. Lin, E.Y., Nguyen, A.V., Russell, R.G., and

Pollard, J.W. (2001). Colony-stimulating factor
1 promotes progression of mammary tumors
to malignancy. J. Exp. Med. 193, 727-740.

. Marusyk, A., Tabassum, D.P., Altrock, P.M.,

Almendro, V., Michor, F., and Polyak, K.
(2014).  Non-cell-autonomous  driving  of
tumour growth supports sub-clonal heteroge-
neity. Nature 574, 54-58.

. Yang, D., Jones, M.G., Naranjo, S., Rideout,

W.M., 3rd, Min, KH.J., Ho, R.,, Wu, W,

12.

13.

14.

15.

¢? CellPress

Replogle, J.M., Page, J.L., Quinn, J.J., et al.
(2022). Lineage tracing reveals the phylody-
namics, plasticity, and paths of tumor evolu-
tion. Cell 185, 1905-1923.e25.

Boone, P.G., Rochelle, LK., Ginzel, J.D.,
Lubkov, V., Roberts, W.L., Nicholls, P.J.,
Bock, C., Flowers, M.L., von Furstenberg,
R.J., Stripp, B.R., et al. (2019). A cancer
rainbow mouse for visualizing the functional
genomics of oncogenic clonal expansion.
Nat. Commun. 70, 5490.

Zhang, S., Zhao, H., Liu, Z., Liu, K., Zhu, H., Pu,
W., He, L., Wang, R.A., and Zhou, B. (2022).
Monitoring of cell-cell communication and
contact history in mammals. Science 378,
eabo5503.

Trowsdale, J., and Betz, A.G. (2006). Mother’s
little helpers: mechanisms of maternal-fetal
tolerance. Nat. Immunol. 7, 241-246.

Laconi, E., Marongiu, F., and DeGregori, J.
(2020). Cancer as a disease of old age: chang-
ing mutational and microenvironmental land-
scapes. Br. J. Cancer 122, 943-952.

Cell Systems 74, April 19, 2023 257



http://refhub.elsevier.com/S2405-4712(23)00078-9/sref1
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref1
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref1
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref2
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref2
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref2
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref2
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref2
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref2
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref3
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref3
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref3
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref3
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref3
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref3
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref4
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref4
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref4
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref4
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref5
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref5
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref5
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref6
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref6
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref6
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref6
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref6
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref6
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref7
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref7
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref7
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref7
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref8
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref8
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref8
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref8
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref8
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref8
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref8
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref9
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref9
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref9
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref9
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref10
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref10
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref10
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref10
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref10
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref11
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref11
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref11
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref11
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref11
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref11
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref12
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref12
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref12
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref12
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref12
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref12
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref12
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref13
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref13
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref13
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref13
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref13
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref14
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref14
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref14
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref15
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref15
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref15
http://refhub.elsevier.com/S2405-4712(23)00078-9/sref15

	Modeling collective cell behavior in cancer: Perspectives from an interdisciplinary conversation
	Introduction
	Interactions and the study of collective behavior in cancer
	Lessons from other fields
	Conclusion
	Acknowledgments
	Declaration of interests
	References


