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Supplementary Information

1 Agent-based model

We consider tumor microenvironments generated by an ABM (Bonabeau,
2002), which simulates the behavior of a system by the decisions and interac-
tions of the agents. Our model, described in (Bull and Byrne, 2023), simulates
a growing tumor. The model explores how interactions between macrophages
and the tumor microenvironment can generate interplay between varying
macrophage phenotypes and the migration of tumor cells towards surrounding
vasculature, a trait associated with tumor metastasis.

The model is a 2D, off-lattice, hybrid, force-based model, containing four
different cell types (tumor cells, stromal cells, macrophages, and necrotic cells).
Cell movement is determined by force-based interactions with neighbouring
cells, together with interactions with five different chemical species described
by partial differential equations (oxygen, CSF-1, TGF-3, CXCL12, and EGF).
Blood vessels are represented as fixed points that are interpreted as cross-
sections of vessels rising through the simulation plane.

A key part of the model is the phenotype label Q2 associated with each
macrophage. The macrophage phenotype varies continuously between 0 and 1.
Macrophages with 2 =~ 0 are anti-tumor ‘M;’ macrophages which kill tumor
cells on contact. On the other hand, ‘Ms’ macrophages with 2 ~ 1 are pro-
tumor and produce a chemokine, EGF, which increases tumor cell migration.

Availability of oxygen mediates the cell cycle of tumor and stromal cells,
with lower oxygen availability causing reduced proliferation and, with sus-
tained lack of oxygen, death. Dead cells are labelled as necrotic, and occupy
space for a period of time. CSF-1 and CXCL12 are key chemokines for
macrophages, and macrophages are attracted via chemotaxis towards increas-
ing gradients of these chemicals. Crucially, M; macrophages are more strongly
attracted towards CSF-1 (produced by tumor cells) while Ms macrophages are
more strongly attracted towards CXCL12 generated by perivascular fibrob-
lasts (assumed to be co-located with blood vessels, and therefore not explicitly
included as agents in the model). Macrophages enter the simulation through
the vasculature with a phenotype (2 = 0, and are attracted towards the tumor
via the CSF-1 gradient. On reaching the tumor, they are exposed to TGF-3
generated by tumor cells. Prolonged exposure to TGF-f causes macrophage
phenotype to irreversibly increase, until it reaches a maximum of {2 = 1. This
reduces macrophage killing of tumor cells, and ultimately sensitizes them to
the CXCL12 gradient produced from blood vessels, causing migration of M,
macrophages back towards the vasculature. Since My macrophages produce
EGF, tumor cells can follow this gradient and may ultimately reach the vascu-
lature (a trait associated with increased likelihood of tumor metastasis, which
requires tumor cells to enter vasculature to migrate to other parts of the body).
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We consider a parameter sweep in which two key parameters related to
CSF-1 are varied: x7*, the chemotactic sensitivity of macrophages to gradi-
ents of CSF-1, and ¢/, the concentration of CSF-1 at which macrophage
extravasation is half-maximal. All other parameters are held at constant val-
ues described in (Bull and Byrne, 2023). In Fig. 3a of the main-text we show
subjective classification of different qualitative behaviours of the model result-
ing from different parameter regimes. These qualitative behaviours manifest
in different spatial distributions of the different cell types. In particular, Bull
and Byrne (2023) relate these to the three E’s of cancer immunoediting (Dunn
et al, 2004): low ¢; /o leads to tumor ‘Elimination’ as macrophages are highly
recruited to the simulation and destroy the tumor. The exception to this is
when x7* is also low, generating ‘Equilibrium’ behaviour as macrophages are
not sufficiently attracted to the tumor to destroy it. When xg* and c¢; /o are
both sufficiently high, M; macrophages are converted to Ms macrophages
faster than they can eliminate the tumor, causing tumor progression to the
vasculature and thus immune ‘Escape’.
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2 Supplementary figures and table
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Fig. 1 Classification of simple feature vectors which do not incorporate spatial information
of cell types. We apply k-means clustering to simple descriptor vectors for k = 3 (a) and
k = 4 (b). We populate the simple description vectors with entries corresponding to the
number of tumor cells, the number of macrophages, the number of necrotic cells, the average
distance of tumor cells to the nearest blood vessel, the average distance of necrotic cells to
the nearest blood vessel, and the average distance of macrophages to the nearest blood vessel
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Table 1 Different versions of the multispecies witness PH and distance vectors. We
populate the multispecies distance vectors with pairwise Bottleneck dp and 1-Wasserstein
distances dyy for persistence diagrams PD; in dimensions ¢ = 0, 1

Version| Witness filtrations con- | Distance vector entries
sidered

dp(PD; (WY 1), PDy (W
dp(PD; (WVT) PD; ( )
dp(PD; (W N ), PDZ( )
dw (PD;( VT) PD; N)
dw(PDZ(WMT) PDZ(W‘/’M)
dw (PDs (W9 n), PDs (WY 5f)
dB(PDi(W"/’T),PDZ(W‘;N )

dB(PDi(W\./T) PDi(WP ar1))
dp(PD;(W. N) PDZ(W\./MQ))
dp (PD; (WVN) PD;( VMl))
dp(PDi (WY ), PDl(WVMQ)
2 tumor cells, necrotic b (PDl(WVJ.V“) PDl(W‘: w2))
cells, M1 macrophages, dw (PDi(W;VvT) PDZ(WV ~))

and M2 macrophages dw (PD”L(WV 7)> PDi( VMl))
dw (PD; (W, N) PD; (W, M2))

)

)

1 tumor cells, necrotic
cells, and macrophages

=

dyy (PD; (W, N) PD; (W, ]V[l)
dw (PD; (WV ~)>PDi (WV M2)
dw (PDi (W9 11): PDi(WP 315))
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Fig. 2 SVM accuracy on multispecies witness PH distance vectors. We perform SVM anal-
ysis to predict the dominant macrophage subtype as described in main-text Section 5.1 on
our witness feature vectors which we create as described in main-text Section 5.2 while dis-
tinguishing between M7 and Ms macrophages in the analysis. We present the accuracies of
the SVM for 100 randomized subsets of unseen data.
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Fig. 3 Classification of qualitative behavior using Dowker persistence images. We perform
clustering to infer qualitative behavior regimes as described in main-text Section 5.2 using
Dowker persistence images which we create as described in main-text Section 5.1. We present
clustering results of each combination of tumor cells, macrophages (without knowledge of
phenotype), and blood vessels in dimensions 0 and 1.
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Fig. 4 Classification accuracies of SVMs trained on Vietoris-Rips features (green) and
Dowker features (navy) at different time points ¢ = 500, 450, 400 show that the performance
of the models depend on the time points. At each time point, there are 162 = 2 x 9 x 9
point clouds generated from 2 realizations of 9 X 9 parameter combinations. As the time
point progresses, both SVMs trained on Vietoris-Rips and Dowker features improve their
performances, with SVMs trained on the Dowker features experiencing larger improvements.
a At endpoint ¢ = 500, SVMs trained on concatenated Vietoris-Rips features and SVMs
trained on concatenated Dowker features perform comparably. There were 74 point clouds
labeled 0 (M; dominant) and 88 point clouds labeled 1 (M2 dominant). b At ¢t = 450, SVMs
trained on concatenated Dowker features perform better than SVMs trained on concatenated
Vietoris-Rips features. There were 70 point clouds labeled 0 and 92 point clouds labeled 1.
c At t = 400, SVMs trained on concatenated Vietoris-Rips features perform better than
SVMs trained on concatenated Dowker features. There were 53 point clouds labeled 0 and
109 point clouds labeled 1.
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