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Abstract

This protocol describes the simulation design for the manuscript "The automated computational workflow
QUICHE reveals structural definitions of anti-tumor responses in triple negative breast cancer" by Ranek et al.
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In silico simulation design

1

To validate our approach and benchmark spatial enrichment methods on their ability to
identify condition-specific differences in the spatial organization of cell types from
individual patient samples, we simulated multi-patient cohorts with different spatial
topologies (e.g., unstructured, structured), where the ground truth organization was
known. Here, each multi-patient cohort consisted of 20 patient samples evenly split
across two conditions. For each patient sample, we fixed the number of cells and cell
types to be the same, and then varied the spatial organization of cells according to each
patient's condition label (e.g., condition A consisted of immune cells enriched in the
cancer core).

Unstructured simulation

2

We generated simulated datasets with unstructured spatial topologies as follows. For
each patient sample, we randomly sampled the spatial coordinates of 5000 cells across
five cell types (cell types A, B, C, D, E) from a uniform distribution within a 2048 x 2048
pixel domain. Each image was then discretized into a g X g grid. To define ground truth
condition-specific niches, we selected one grid from each image and enforced cell types
to co-occur within that region (condition 1: cell types A, C, and E; condition 2: cell types
B and D). The grid size g was used to determine the niche prevalence (e.g., 5 X 5 grid
indicates that a niche occupies 1/25 or 4% of a sample). The output of this approach is
a ground truth cell-to-cell type and cell-to-niche assignments. To evaluate how well
methods can identify condition-specific differences, we varied both the size of a niche in
a patient sample (grid size = 3,4, 5, 6, 7, 8, 9, 10) and its prevalence across patient
samples (20, 40, 60, 80, 100% of samples). Method performance was assessed over five
random trials for each parameter configuration.

Structured simulation

3

3.1

For a more realistic simulation design, we leveraged multiplexed proteomic imaging data
from the Spain TNBC cohort to define cell spatial coordinates and tissue domains as
follows.

Tumor selection: To generate simulated datasets with structural spatial topologies, we
randomly selected tumors with compartmentalized tumor-immune spatial architectures
using the mixing score defined in Ref. [1] as,
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3.2

3.3

The mixing score quantifies the degree of mixing between reference (tumor) and target
(immune) cells within a fixed spatial radius, s, by computing the ratio of heterotypic
(cancer-immune) to homotypic interactions (cancer-cancer, immune-immune). Here, n,
and n¢ represent the number of reference and target cells, respectively. The indicator
functions T’ and Rj denote whether a target or reference cell type is within the
neighborhood N of cell 7. Specifically, Tj = 1 if cell jis a target cell type within the
neighborhood NV ;, and T;; = 0 otherwise. Similarly, £; = 1 if cell j is a reference cell
type within the neighborhood NV ;, and R; = 0 otherwise. The neighborhood N ; is
defined as {j : |[(u;,v;) — (u;,v,)|| < s}, where (u;,v;) and (u;, v;) are the spatial
coordinates of cells 7 and j, respectively. Tumors were considered to have
compartmentalized spatial architectures if they had more homotypic than heterotypic
interactions.

Tumor compartments: To define structural regions in each tumor image, we followed the
approach outlined previously [2]. Briefly, tumor regions (cancer core, cancer border,
stroma) were defined by taking the union of the E-cadherin signal with the cancer cell
segmentation masks. Tumor compartment masks were then thresholded (0.0015),
binarized, and eroded by 100 pixels to delineate cancer cells within the core vs border;
all of the remaining cells were defined as stroma. Image processing was performed using
the scikit-image v0.19.3 package in Python.

Differential spatial enrichment: We simulated condition-specific cell type enrichment
within structured spatial topologies (condition 1: immune cells within the cancer core,
condition 2: immune cells within the cancer border). For each patient sample, we
randomly sampled cells from tumor regions (condition 1: cells within the cancer core;
condition 2: cells within the cancer border) using a Gaussian distribution with a specified
radius (radius = 50, 100, 250, 500). Next, we defined ground truth niches by reclassifying
a subset of cells within the Gaussian radius as immune cells, thereby creating localized
clusters of immune infiltration. Finally, we varied the (1) niche size (radius = 100, 250,
500 pixels), (2) niche sparsity (5, 10, 25% of immune cells), and (3) niche prevalence
across patient samples (20, 40, 60, 80, 100% samples). Method performance was
evaluated across five random trials for each parameter configuration.

Expression

4

We used Splatter [3] to simulate expression data in our in silico data. Simulation
parameters were estimated from a single-cell RNA sequencing dataset [4]. Next, the
estimated parameters (mean_rate = 0.0173, mean_shape = 0.54, lib_loc = 12.6, lib_scale
= 0.423, out_prob = 0.000342, out_fac_loc = 0.1, out_fac_scale = 0.4, bcv = 0.1, bcv_df =
90.2, dropout = None) were used in the Splatter groups function (python wrapper scprep
SplatSimulate v1.2.3 of splatter v1.18.2) to simulate expression data (p = 500) for each
cell type (e.g., cancer core, cancer border, stroma, immune).
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