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Abstract

Cell microenvironments are complex niches of interacting cells that drive tissue

function and disease response. In recent years, in situ multiplexed imaging has en-

abled the multi-molecular profiling of single cells while preserving their spatial con-

text. Although these new technologies capture cell phenotypes and spatial organiza-

tion at unprecedented resolution, the technology has many trade-offs, and the analysis

of the rich spatial information they provide remains a challenge. In this thesis, we

develop novel computational methods tailored for multiplex imaging data leverag-

ing principles from Optimal Transport (OT), a branch of statistics for comparing

probability distributions.

In the first part, we address the challenge of integrating spatial profiles from

different tissues, a task essential to enhancing the information obtained from multiplex

experiments. We introduce a novel algorithm for optimizing tissue alignment derived

from partial OT, and additionally propose an unbiased statistical estimator for OT

distances that scales to massive tissues at a fraction of the cost. We benchmark our

method against state-of-the-art algorithms, and demonstrate our method’s improved

robustness to rips, tears, and other challenging spatial distortions induced by the

multiplexing process.

In the second part, we consider the task of quantitatively characterizing cell mi-

croenvironments. We introduce a novel framework that captures both microenviron-

ment cell composition and spatial organization using graph OT, and demonstrate its

applications in identifying cell-cell interactions, spatial domains, and disease relevant

microenvironments on simulated and real datasets. On pathologist annotated mul-

tiplexed lung tissues, we demonstrate that our methods recover microenvironments

directly linked to known cell interactions and functions. On multiplexed head neck

tumors, we identify microenvironments that are highly predictive of patient outcome.

We benchmark our method against two state-of-the-art competitors and various base-

lines, and show that our method outperforms all comparisons on each dataset.

Lastly, we present a comprehensive case study that showcases the practical appli-

cation of both our methods for spatial integration and microenvironment character-

ization on a novel dataset of multiplexed mouse colorectal cancer tissues. We align

massive tissues with hundreds of thousands of cells, and identify distinct, condition-

specific microenvironment subtypes that correspond to unique cell enrichment profiles

and spatial domains. Together, our methods provide a powerful approach to mapping

the complex landscape of the tumor microenvironment in colorectal cancer.



Contents

1 Introduction 1

1.1 In situ spatial profiling of tissues . . . . . . . . . . . . . . . . . . . . 2

1.2 Computational Challenges and Opportunities . . . . . . . . . . . . . 5

1.2.1 Spatial Integration . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.2 Microenvironment Characterization . . . . . . . . . . . . . . . 7

1.3 Optimal Transport for Multiplexed Imaging . . . . . . . . . . . . . . 8

1.3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3.2 Optimal Transport for Spatial Data . . . . . . . . . . . . . . . 11

1.4 Mathematical Foundations . . . . . . . . . . . . . . . . . . . . . . . . 13

1.4.1 Assignment and The Monge Problem . . . . . . . . . . . . . . 13

1.4.2 Coupling and the Kantorovich Relaxation . . . . . . . . . . . 15

1.4.3 Computation . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.4.4 Theoretical Guarantees . . . . . . . . . . . . . . . . . . . . . . 18

1.5 Contributions of this Thesis . . . . . . . . . . . . . . . . . . . . . . . 20

2 Alignment and Integration of Spatially Resolved Proteomics Data

with Partial Optimal Transport 23

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.2 Point Set Registration . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.2.1 Mathematical Formulation . . . . . . . . . . . . . . . . . . . . 25

2.2.2 Geometric Transformations . . . . . . . . . . . . . . . . . . . 26

2.2.3 Solving the Point Set Registration Problem . . . . . . . . . . 27

2.3 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.4 Optimal Transport for Point Set Registration . . . . . . . . . . . . . 30

2.4.1 Partial Optimal Transport . . . . . . . . . . . . . . . . . . . . 31

2.4.2 Optimizing POT for Point Set Registration . . . . . . . . . . 33

2.4.3 Improving Computational Efficiency . . . . . . . . . . . . . . 36

2.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

i



2.5.1 The POT Loss Quantifies Alignment Quality . . . . . . . . . . 38

2.5.2 The Quantized Estimator Enables Fast and Accurate Alignment 41

2.5.3 POT Alignment Outperforms ICP and CPD . . . . . . . . . . 45

2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3 Characterizing Cell Microenvironments with Graph Optimal Trans-

port 48

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.2.1 Spatial LDA . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.2.1.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . 50

3.2.1.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.2.1.3 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.2.2 UTAG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2.2.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2.2.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2.2.3 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.3 Characterizing Microenvironments with Graph Optimal Transport . . 55

3.3.1 Microenvironments as Spatial Graphs . . . . . . . . . . . . . . 56

3.3.2 Comparing Microenvironments with the Fused Gromov-Wasserstein

Distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.3.3 Analyzing Microenvironments with Graph-OT Distances . . . 63

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

3.4.1 Graph-OT quantifies changes in microenvironment organiza-

tion and composition . . . . . . . . . . . . . . . . . . . . . . . 67

3.4.2 Graph-OT Microenvironments Reveal Tissue Architectures in

the Healthy Human Lung . . . . . . . . . . . . . . . . . . . . 72

3.4.3 Graph-OT microenvironments are generalizable, and predictive

of patient outcome in HNSCC . . . . . . . . . . . . . . . . . . 78

3.5 Conclusion and Discussion . . . . . . . . . . . . . . . . . . . . . . . . 86

4 Case Study: Microenvironment Remodeling of Colorectal Cancer

through TGF-β Inhibition 88

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

4.3.1 Spatial Integration of Immune and Fibroblast Panels . . . . . 91

ii



4.3.2 Graph Optimal Transport Identifies Highly Stable Microenvi-

ronment Clusters . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.3.3 TGF-β Remodels Tumor Microenvironments in AKPT CRC

tissues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

4.4 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . 102

5 Conclusion and Outlook 104

5.1 Review of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

5.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

A Additional Methods 110

A.1 Software Implementations . . . . . . . . . . . . . . . . . . . . . . . . 110

A.2 Data Availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

A.3 Mouse Multiplexing and Image Preprocessing . . . . . . . . . . . . . 111

B Additional Figures 113

Bibliography 115

iii



List of Figures

1.1 Multiplex Imaging and Analysis Pipeline. In the top panel, tis-

sues are measured for various protein markers. In the second panel,

cell segmentation and cell type assignment convert raw, multi-channel

images into spatial point clouds of cell types. The images are from a 1

mm × 1 mm patch from a multiplex IHC image of murine colorectal

cancer. In the third panel, different spatial profiles are integrated for

joint analysis. In the fourth, microenvironments and spatial domains

are identified and characterized. . . . . . . . . . . . . . . . . . . . . . 4

1.2 Illustrative Example. In the left panel, cell positions on a 1D lattice

are shown. In the middle panel, the cell locations are converted into

a probability distribution, and the optimal plan for transporting the

red to the blue distribution is shown. In the right panel, the optimal

transport distance calculation is shown. . . . . . . . . . . . . . . . . . 11

1.3 Optimal Transport Co-Localization. Kernel Density Estimates

were applied to cell locations from three different cell types to generate

spatial probability distributions, where brighter colors indicate higher

likelihoods of observing a particular cell type at a given spatial location.

By visual inspection, we surmise that cell types A and C are more

closely co-localized than they are with cell type B. Optimal Transport

quantifies this intuition, and confirms that OT (A,C) < OT (B,C). . . 12

1.4 Comparing Statistical Distance Metrics. We compute the sta-

tistical distance between two probability measures defined on domain

R. While all the distance functions presented are metrics, only the

2-Wasserstein respects the geometry of the domain. The distributions

were parameterized as p(x) ∼ N (µ, σ2), q(x|τ) ∼ N (µ − τ, σ2). For

each metric, the range of d(p(x), q(x|τ)) over τ ∈ [−15, 15] was [0, 1]

normalized for ease of comparison. . . . . . . . . . . . . . . . . . . . 20

iv



2.1 Spatial Integration. Two thin tissue slices (orange, blue) are sec-

tioned from the same tissue. One slice is stained to detect one set of

protein markers, and the second slice another. Due to technical vari-

ation in the sample collection process, there are rips and holes in the

blue slice not present in the orange slice and vice versa. Spatial in-

tegration is used to align the blue and orange tissue slices, and allow

for joint analysis of both the blue and orange cell populations in an

integrated tissue. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.2 Partial Optimal Transport Alignment. a) Given two synthetic

tissue slices modeled as point clouds, the integration task is equivalent

to transforming Panel 1’s initial position to the ground truth. b) Us-

ing Algorithm 1, we learn the transformation parameters that minimize

the POT distance between point clouds. The POT distance accurately

quantifies alignment quality, and gradient descent converges to the true

parameters. c) The POT distance between Panel 1 and (transformed)

Panel 2 is shown across different transformation parameters. In com-

parison, the Mean Squared Error (MSE) between the (normalized)

transformed Panel 2 and its (normalized) ground truth position is also

shown. The POT distance is highly correlated with the true alignment

error (MSE), even though the true correspondence is unknown. . . . . 39

2.3 Estimator Comparison. a) The leftmost panel shows the full tis-

sue consisting of over 100, 000 cells, with spatial locations colored by

relative cell density. The next two panels show the plug in and quan-

tized representations of this distribution with 100 samples, with points

colored by weight. b) For the same number of samples, (k = 100),

we compare the relative error between the analytic POT distance, and

the approximate distance estimated by plug in and quantized sam-

pling. While both are reasonably unbiased, the quantized estimator

has a greatly reduced variance. c) We compute the absolute relative

error as a function of sample size. The quantized estimator is always

more accurate, and converges slightly faster than the plug in. . . . . . 41

v



2.4 Comparison of Estimator Strategies on Spatial Alignment. In

this plot, “Full” refers to Algorithm 1 using a gradient computed be-

tween complete point clouds, while “Stochastic” and “Quantized” refer

to gradients calculated using the plug in and quantized estimators re-

spectively. (a) Tissue alignment results for different estimators after

500 iterations, compared with the ground truth and original starting

positions. POT Loss convergence as a function of iterations (b) and

time (c) for different strategies. Since the Full POT loss computation

is deterministic, its optimization trajectory is noiseless. In contrast,

the plug in and quantized estimators are stochastic, and yield noisy

optimization trajectories. The reduced noiseness of the quantized tra-

jectory in comparison to the stochastic trajectory can be explained by

the reduced variance of the quantized estimator shown in Figure 2.3 b). 43

2.5 Methods Comparison. a) We compare the alignment quality be-

tween ICP, CPD, and our method (OT) under increasingly smaller

overlaps. As before, the MSE is computed between the final position

of the normalized moving point cloud and its normalized ground truth

position. b) Alignment quality for a 60% overlap. The orange cells

represent the moving point cloud. . . . . . . . . . . . . . . . . . . . . 46

3.1 Overview. (a) We first construct a weighted spatial graph from the

original cell centers using Voronoi tessellations followed by Delauney

triangulations. (b) From this tissue graph, microenvironments are de-

fined as induced subgraphs. A set of subgraphs can then be compared

using graph optimal transport to form a distance matrix. (c) This dis-

tance matrix can clustered to group microenvironments into canonical

subtypes, which can then investigated for various biological applica-

tions, such as cell type enrichment, archetypical cell organization, or

spatial domain mapping. . . . . . . . . . . . . . . . . . . . . . . . . . 57

vi



3.2 Microenvironment Simulation. (a) Microenvironment subgraphs

from High and Low Green cell compositions with fixed, exclusionary In-

teractions. (b) Graph Optimal Transport between microenvironments

correctly distinguishes between states, as exhibited in the block anti-

diagonal distance matrix structure, and confirmed by the Composition

distance matrix. The Average Nearest Neighbor Distance (ANND)

statistic is not designed to detect changes in composition, and as such

displays a randomized structure. (c) Microenvironment subgraphs with

High and Low Green-Grey cell Interactions under fixed, High Green

cell Composition. (d) Once again, Graph Optimal Transport between

microenvironments correctly distinguishes between states as confirmed

by the ANND matrix. Because the composition is fixed, the composi-

tion distance matrix is uniform. . . . . . . . . . . . . . . . . . . . . . 71

3.3 Mapping Human Lung Tissue Architecture from multiplex

IMC data. (a) comparison between pathologist annotations and spa-

tially mapped, graph-OT microenvironments. (b) Comparing spatial

domain predictions from graph-OT and state-of-the-art methods for

a single tissue. Cell type enrichment of graph-OT microenvironments

over n = 18 tissues. Benchmark comparisons over n = 18 tissues eval-

uated by (d) accuracy and (e) homogeneity scores. Significance bars

indicate p < 0.001 as computed by a Bonferroni corrected two-sided

Mann Whitney U Test. . . . . . . . . . . . . . . . . . . . . . . . . . . 74

3.4 Identifying clinically relevant microenvironments in HNSCC

tumors. In biomarker discovery, microenvironments are characterized

and associated with NED or non-NED outcomes on labeled patients.

Given tissue from an unseen patient (a), similarity scores are computed

between biomarkers and microenvironments (b). These scores are ag-

gregated and used as features for a logistic regression classifier, with

performance evaluated in (c). In (d), classifier weights are used to iso-

late the contribution of each microenvironment cluster to the overall

patient prognosis. Cell enrichment profiles are provided to summarize

microenvironment cluster compositions. The weights associated with

the red triangle and blue pentagon biomarkers indicate that their pres-

ence strongly contributes to non-NED and NED prognosis respectively. 81

vii



4.1 Experimental Outline. Tumor organoids from an AKPT mouse

model of CRC were orthotopically implanted into n = 10 mice, half of

which were treated with a TFG-β inhibitor. Adjacent tissue slices were

resected and stained with IHC markers for fibroblast and immune cell

populations, and subsequently imaged and preprocessed (cell segmen-

tation and type assignment). Following data acquisition, we applied

our algorithms for spatial integration and microenvironment charac-

terization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

4.2 Spatial Integration of Immune and Fibroblast Panels. Tissues

from two mice are shown, with tissues stained with immune markers

in blue, and fibroblast markers shown in orange. Their positions and

orientations pre and post integration are shown. Note that tears and

holes are present that are not shared across slices. . . . . . . . . . . . 92

4.3 Cluster Stability Analysis. (a) By randomly removing microenvi-

ronments across and within tissues, we can estimate cluster stability

by reclustering on the perturbed datasets. (b) Using an intra-cluster

variance curve, we can identify the optimal clustering resolution by

selecting the ”knee point”. The graph shown is for cluster selection

on the full dataset. (c) On the left, UMAP visualization of microen-

vironment clusters. The bottom panel shows the probability of cluster

assignment across the resampled datasets, while the top panel shows

the cluster assignment on the full dataset. Most microenvironments

are almost always uniquely assigned to a single cluster. (d) Cluster

agreement between the full and resampled datasets, compared with

randomized cluster assignment. Significance bars were calculated us-

ing a two-sided Mann-Whitney U Test. (e) Average microenvironment

cluster composition across all resampled datasets, with error bars in-

dicating a 95% confidence interval. Microenvironment clusters have

small variance and show distinct patterns of cell composition. . . . . 94

viii



4.4 TGF-β Remodels the Tumor Microenvironment Landscape.

(a) UMAP visualization of microenvironment clustering. (b) Cluster

condition specificity, significance bars are calculated using a Bonferroni

corrected pairwise χ2 test. While cluster A is not significantly enriched

for either condition, B is significantly enriched in untreated AKPT tis-

sues, and C is significantly enriched in TGF-β inhibited AKPT tissues.

(c) Microenvironment cell enrichment profiles. We observe that each

cluster has a distinct cell enrichment profile showing unique cell-cell

interactions. Using spatial similarity scoring (d), we can construct dis-

crete spatial domains (e) and observe the change in microenvironment

locations as a function of TGF-β inhibition. . . . . . . . . . . . . . . 99

B.1 Graph-OT Spatial Domain Mapping of Healthy Lung Tissues

For each of the three panels, the first column indicates the cell type, the

second pathologist annotations, and the third spatial domains identi-

fied using Graph Optimal Transport. . . . . . . . . . . . . . . . . . . 113

B.2 Spatial Integration of Mouse Fibroblast and Immune Panels

Adjacent tissues from all n = 10 mice are shown, with tissues stained

with immune markers in blue, and fibroblast markers shown in orange.

Row labels indicate sample IDs. Positions and orientations pre and

post integration are shown. . . . . . . . . . . . . . . . . . . . . . . . . 114

B.3 Spatial Domain Mapping of Mouse CRC Tissues In each tis-

sue, all cell microenvironments were assigned to their most similar mi-

croenvironment cluster using the procedure outlined in Section 4.3.3.

Detailed cluster descriptions, including cell enrichment and condition

specificity, are provided in Figure 4.4. . . . . . . . . . . . . . . . . . . 114

ix



Chapter 1

Introduction

Cells do not exist or function in a vacuum, but in complex microenvironments where

their interactions play a fundamental role in the coordination of global tissue function.

In cancer, complex interactions between fibroblasts, immune, and cancer cells within

the tumor microenvironment are known to be important for immune inhibition, tumor

growth, and treatment resistance [57, 77, 119]. Given their importance, there has been

increased interest in understanding and characterizing cell microenvironments, and

deciphering their role in disease and therapeutic responsiveness [39, 28, 86]. In recent

years, spatial biology has been revolutionized by advancements in spatial proteomics

technologies, which enable researchers to profile tissues with multiple protein markers

at single cell resolution while preserving their spatial context [72, 44, 102, 62, 61].

However, manual analysis is challenging due to the rapidly increasing number of cells

and markers profiled, and traditional computational methods struggle to capture and

exploit the rich spatial information in these datasets.

In this thesis, we develop novel computational methods tailored for spatial data,

leveraging principles from Optimal Transport (OT), a branch of statistics for compar-

ing probability distributions [116]. OT measures the distance between distributions

by identifying the cost of the most efficient way of transporting one distribution into
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another, offering an intuitive and rigorous metric for comparing diverse data, includ-

ing points clouds, graphs, and densities [83]. Our methods address two key tasks in

the analysis of multiplex information, the integration of spatial profiles from differ-

ent tissues, and the characterization of microenvironments and cell-cell interactions

(Figure 1.1). We evaluate our methods on published and synthetic datasets, and rig-

orously benchmark them against state-of-the-art algorithms. Finally, we apply them

to a new dataset of multiplex immunohistochemistry profiled murine colorectal car-

cinoma, in order to investigate changes in cell microenvironments and interactions

in response to transforming growth factor (TGF) β inhibition, a signalling molecule

commonly dysregulated in cancer.

1.1 In situ spatial profiling of tissues

Historically, in situ proteomic tissue analysis was constrained to provide either molec-

ular or spatial information, but not both. Technologies such as mass spectrometry

allow for the profiling of hundreds of proteins in single cells, but without their spa-

tial context, as the sample preparation process involves tissue lysis and enzymatic

digestion to release peptide fragments [52]. In contrast, staining methods such as

hematoxylin and eosin (H&E) and immunohistochemistry (IHC) capture the spatial

organization of entire tissues, but with little to no molecular information, as limited

specificity and increased cross-talk restrict the number of antibody markers that can

be applied. [107, 24].

In recent years, advanced multiplex imaging technologies such as multiplex im-

munohistochemistry (multiplex IHC), imaging mass cytometry (IMC), cyclic im-

munofluorescence (CyCIF), co-detection by indexing (CODEX/Phenocycler), and

multiplexed ion beam imaging (MIBI) have bridged this modality gap, allowing re-

searchers to analyze tissues across dozens of proteins at single cell, sub-micrometer

2



spatial resolution. While these technologies employ diverse methods to acquire spa-

tially resolved measurements of protein expression, they all encode this information

as a large 2-dimensional, multichannel pixel image, where each channel for each

pixel represents the abundance of a particular marker measured at that location

[72, 44, 102, 62, 61]. This standardization allows for scalable visualization and anal-

ysis across platforms and modalities.

After in situ profiling, most approaches for viewing and analyzing multiplex im-

ages employ image analysis pipelines to preprocess the raw, multichannel pixels to

highlight cell positions and categorize them into distinct cell types. Cell locations

are obtained through image segmentation, typically using machine learning computer

vision algorithms. These algorithms are readily available and highly automated, ei-

ther as standalone software (e.g., DeepCell [41] and CellPose [101]), or integrated

into open source platforms (e.g., Qupath [5] and MCMICRO [94]) and commerical

platforms (e.g., HALO and Visiopharm). These algorithms are capable of generating

high-resolution pixel masks, but are often used to provide simple summary statistics

such as cell center location or cell size. Cell type assignment is typically a more iter-

ative and supervised process, due to the diversity of available marker panels. Some

approaches categorize cell types with manually tailored thresholds for each marker, for

example using CD4 and CD8 expression for immune cell identification and stratifica-

tion. Other algorithms (e.g., histoCAT for IMC panels and CELESTA for IHC data)

offer a semi-supervised solution, with initial unsupervised clustering in marker space,

followed by manual cluster annotation [93, 125]. Together, these pipelines transform

massive, multichannel images into spatial point clouds of cell types, streamlining

downstream visualization and analysis (Figure 1.1).
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Figure 1.1: Multiplex Imaging and Analysis Pipeline. In the top panel, tissues
are measured for various protein markers. In the second panel, cell segmentation
and cell type assignment convert raw, multi-channel images into spatial point clouds
of cell types. The images are from a 1 mm × 1 mm patch from a multiplex IHC
image of murine colorectal cancer. In the third panel, different spatial profiles are
integrated for joint analysis. In the fourth, microenvironments and spatial domains
are identified and characterized.
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1.2 Computational Challenges and Opportunities

The confluence of rapidly advancing multiplexing technologies with the growing con-

venience and accessibility of preprocessing pipelines, is increasing the availability and

abundance of spatial data. This information is highly relevant to many diseases, and

there is increased evidence that aberrant spatial organization and cell-cell interac-

tions drives disease progression and impact therapeutic responsiveness. For example,

analysis of breast tumors profiled with multiplex IMC has identified distinct tumor

microenvironments that are highly predictive of clinical outcome [28]. In SARS-CoV-

2, multiplex IMC revealed that excessive immune filtration of alveolar epithelial cells

induce a localized hyperinflammatory cell state that is associated with lung damage

[86]. In CyCIF imaged lung adenocacrinoma, networks of interacting lymphocytes

have emerged as a distinctive feature of the anti-cancer immune response. Upon

immune checkpoint blockade therapy, these lymphoctype networks were observed to

recruit and co-localize with cytotoxic CD8+ T cell populations [39]. These recent ex-

amples highlight the wealth of biological insights contained in the spatial information

generated by multiplex technologies.

In order to exploit and facilitate further biological discoveries from multiplex data,

computational methods are needed to characterise the spatial and cell type informa-

tion contained in these complex and increasingly massive datasets. There are a variety

of computational challenges and opportunities at each step of the multiplex workflow,

from image acquisition to preprocessing to analysis to biological interpretation. In

this thesis we focus on two crucial steps: tissue integration and microenvironment

characterization. The first task involves unifying spatial information obtained from

different multiplex experiments, and plays a crucial role in enhancing the amount of

information obtained from multiplex technologies. The second involves analyzing and

quantifying the spatial organization of cell types, and is directly relevant to biological

discovery.
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1.2.1 Spatial Integration

While revolutionary, multiplex technologies have many limitations and trade-offs.

Existing technologies are limited to measuring protein expression in two dimensional

slices extracted from three-dimensional tissues, thus losing information that is shared

across tissue slices. Furthermore, an important trade-off exists between the size of

the tissue profiled and the number of unique proteins measured. Low-plex platforms

such as multiplex IHC and MIBI are capable of Whole Slide Imaging (WSI) but with

relatively small numbers of markers (e.g., 9-12 markers). On the other hand, high-

plex platforms such as CODEX and CyTOF can measure 40-50 markers on small

tissue regions (≈ 103 cells), but are extremely expensive and time consuming to scale

to WSIs (≈ 105 cells) [102, 11].

To circumvent these challenges, low-plex multiplex imaging can be applied to

multiple, adjacent WSI slices (e.g. along the z-axis) sectioned from the same tissue

with different slices profiled with different marker panels. A joint analysis across all

adjacent slices allows for spatial analysis across a larger diversity of cell types, and

better captures the overall composition and structure of the tissue. This approach is

both cost effective and scalable, and can be performed with most existing multiplex

platforms [65].

Unfortunately, analyzing information across slices requires spatial integration to

ensure that the the local cell locations are globally consistent or “aligned” across

slices. This task is tedious to perform manually, and challenging for traditional im-

age registration algorithms. While image registration is well studied and commonly

applied in photography or object recognition, a key requirement is that the registered

images look similar, or have user annotated anchor points between images. These

requirements are not met in multiplex imaging. Despite coming from the same three-

dimensional tissue, the two-dimensional slices often exhibit a high degree of spatial

variability, due to changes in tissue architecture orthogonal to the slicing direction,
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or through rips and tears induced by the sample collection process. Automatic algo-

rithms for image registration struggle with these artefacts, and in practice integration

is typically performed manually through image manipulation software [5, 94]. To ad-

dress these shortcomings, unsupervised computational methods that are robust to

spatial artefacts are needed to perform spatial integration and enable the analysis of

diverse cell types across whole slide tissues.

1.2.2 Microenvironment Characterization

Traditionally, the analysis of multiplex imaging data has been through qualitative

visual inspection. However, with the increasing number of cells and markers profiled

by new and emerging technologies, this has become more challenging. While algo-

rithms that focus on cell counts or marker distributions are available from single cell

analysis ecosystems, they do not take into account cell locations, and cannot describe

spatial organization. Most current computational methods for analyzing spatially

multiplexed data tend to draw from two approaches: point process statistics and

machine learning.

Point process statistics are mainly derived from ecology and geostatistics, and in-

volve fitting parametric models to cell locations or designing custom spatial statistics

to quantify properties of interest [4, 73]. The simplest example is the self-explanatory

average nearest neighbor distance between two cell types, but more complex varia-

tions exist. For example, Moran’s I and Ripley’s K, measure spatial clustering and

exclusion within a cell type, while the Morista-Horn index and J-function measure

spatial correlations between pairs of cell types [75, 87, 45, 114]. Designing these

statistics is a complex process, and establishing their significance even more so. Most

methods are limited to the analysis of pairwise relationships, and rely on simple null

models of complete spatial randomness (CSR) or computationally intensive Monte

Carlo permutation tests [88, 6]. Because of these challenges, the direct application of
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spatial statistics has so far been limited to single or low marker histology data, and

current research efforts for multiplex data have focused on combining or extending

these statistics [80, 15, 14].

Rather than attempting to “feature engineer” custom statistics, machine learn-

ing algorithms attempt to empirically learn functions from spatial data to biological

classes, and are usually repurposed or adapted algorithms from computer vision ap-

plications. Convolutional Neural Networks (CNNs) have found enormous success in

computer vision tasks, and extensions to multiplex data apply CNNs directly to the

raw, multichannel images. These methods characterize microenvironments by framing

the biological task as a patch resolution classification problem, or a pixel resolution

segmentation task [99, 36]. In recent years, the rise of graph neural networks (GNNs)

has fueled similar applications. In this framework, cell locations and types are rep-

resented as graphs, with edges typically constructed by threshold radius proximity,

or through nearest neighbors. GNNs have been successfully applied to predicting

disease or stratifying patients from spatial graph motifs [120, 66]. While powerful,

machine learning methods employ “black-box” models that are difficult to interpret

and heavily reliant on large quantities of labeled training data, and unsupervised or

self-supervised training is an active area of research [122, 89]. A summary of these

paradigms is provided in Table 1.1.

1.3 Optimal Transport for Multiplexed Imaging

1.3.1 Motivation

A recurring challenge in the computational tasks that we have introduced is the

lack of ground truth. When performing spatial integration, this is unavoidable, as

the optimal alignment of every multiplex experiment will depend on the shape of the

underlying tissue. The same holds true for microenvironment characterization. While
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Paradigm Summary Advantages Disadvantages

Molecular
Expression

Derived from classical
bioinformatics or
single-cell
transcriptomic
analysis. Statistical
analysis of molecular
expression in each cell
independently.

Semi or fully
unsupervised, and
highly interpretable.
Can apply large,
biomedical databases
(e.g. Gene Ontology,
Pathway Interaction
Database) for
increased power and
interpretability.

Does not make use of
spatial information.
Multiplex proteomics
datasets contain far
fewer markers per cell
(∼ 101) than
transcriptomics
(∼ 103), constraining
capacity for
comprehensive
pathway analysis.

Point Process
Statistics

Derived from
geostatistics, ecology,
public health etc.
Constructs custom
spatial statistics
based on cell
locations to identify
spatial patterns or
trends.

Fully unsupervised,
and highly
interpretable. Allows
for statistical
significance testing.

Challenging to define,
has difficulty
accounting for marker
information. Largely
constrained to
pairwise relationships
between categorical
populations. Relies
on simple null models
of complete spatial
randomness.

Machine
Learning

Derived from network
analysis, computer
vision, etc. Models
tasks as graph or
image classification
problems.

Fully supervised.
Accounts for spatial
and marker
information, learns
directly from data.
Many drop-in model
architectures and
optimizers.

Requires large
annotated or labeled
datasets. Weak
interpretability due to
black-box models.

Table 1.1: Comparison of Spatial Analysis Paradigms. This summary is not
exhaustive and serves as a concise overview.

correlations with various external covariates (disease status, treatment outcome, etc.)

can be used as weak supervision or validation, microenvironment characterization for

biological discovery is necessarily an unsupervised task, since the ground truth is the
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object of discovery. This challenge precludes the application of most data driven

machine learning algorithms, which require many labeled examples, and are difficult

to interpret.

A second theme is the difficulty of designing computational algorithms that can

account for the spatial information contained in multiplex images. In spatial inte-

gration, this requires algorithms that are robust to multiple, different spatial defor-

mations, and precludes the use of simple object detection or feature based image

registration algorithms. In microenvironment characterization, interactions between

diverse cell types define biological niches. Since these interactions are difficult to

encode in hand designed point process statistics, existing methods have been largely

limited to studying pairwise interactions.

In this thesis, we present an approach that circumvents both of these challenges

by relying on statistical distance metrics. Distance metrics are analytic functions

that satisfy a strict set of mathematical properties, thus guaranteeing principled and

consistent behavior. Furthermore, distance metrics do not require supervision and

are not reliant on annotated examples or correlated labels; rather, they are defined

directly on the mathematical structures they compare.

In this thesis, we employ Optimal Transport (OT), a branch of statistics that

describes distance metrics between complex probability distributions, such as point

clouds, densities, and graphs. Multiplexed data is naturally described by such distri-

butions. For example, tissues can be represented as joint distributions between spatial

and cell type random variables. Additionally, microenvironments can be described

as labeled graphs, with nodes encoding cell types and edges describing interactions

or proximity. OT calculates the distance between distributions by finding the cost of

the most efficient, or optimal, way of transporting one distribution into another. As

such, this intuitive and theoretically rigorous metric is ideally suited for quantifying

distances in spatial data [83].

10



OT(      ,      ) = ½(2) +½(3) 
= 5/2

mass = ½, distance = 3

mass = ½, distance = 2

Cell Locations Distributions Optimal Transport

1.0

0.0

Figure 1.2: Illustrative Example. In the left panel, cell positions on a 1D lattice
are shown. In the middle panel, the cell locations are converted into a probability
distribution, and the optimal plan for transporting the red to the blue distribution is
shown. In the right panel, the optimal transport distance calculation is shown.

1.3.2 Optimal Transport for Spatial Data

One popular Optimal Transport (OT) metric is the Wasserstein distance. This dis-

tance metric has a remarkably intuitive interpretation. If we consider probability

distributions P,Q as mounds of mass or dirt, the Wasserstein distance can be inter-

preted as the least amount of “work” required to “transport” pile P into pile Q. In

this setting, “work” is defined as the amount of mass moved multiplied by the dis-

tance it is transported, summed over every trip. A “transport plan” is an assignment

that moves mass from P to Q and satisfies two conditions: (i) all the mass from P

must be moved to Q, e.g. no mass can be “left over” or otherwise be unaccounted

for, (ii) only non-negative quantities of mass may be moved. For this reason, the

Wassertein Metric is often known as the “Earth Mover’s Distance”, and its value can

be viewed as the work required under the most efficient, or optimal, transport plan

[83].

In Figure 1.2 we present a simple application of the Wasserstein distance which

illustrates several of the advantages that OT offers over alternative spatial statistics

that are not distance metrics. For example, the OT distance between red and blue
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Cell Type A Cell Type B Cell Type C

Figure 1.3: Optimal Transport Co-Localization. Kernel Density Estimates were
applied to cell locations from three different cell types to generate spatial probability
distributions, where brighter colors indicate higher likelihoods of observing a partic-
ular cell type at a given spatial location. By visual inspection, we surmise that cell
types A and C are more closely co-localized than they are with cell type B. Optimal
Transport quantifies this intuition, and confirms that OT (A,C) < OT (B,C).

cells is symmetric (OT (R,B) = OT (B,R)), and invariant to unequal populations.

These properties are not guaranteed for most spatial statistics. Consider for exam-

ple, the average nearest neighbor distance (ANND), which is the average minimum

distance between pairs of cell types.

ANND(R,B) =
1

n

n∑
i=1

min
j

∥Ri −Bj∥22 =
1

1
(2) = 2

ANND(B,R) =
1

m

m∑
j=1

min
i

∥Bj −Ri∥22 =
1

2
(2 + 3) = 2.5

The ANND is not symmetric, and sensitive to the number of samples in each pop-

ulation, leading to difficulties in interpreting the spatial relationships quantified by

ANND. In contrast, the Wasserstein distance is guaranteed to be symmetric, and

can quantify spatial relationships invariant to population fluctuations. These metric

properties allow OT to robustly quantify spatial relationships, as demonstrated in

Figure 1.3.
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1.4 Mathematical Foundations

Optimal Transport is a diverse field with a rich history. It was originally conceived as

an engineering problem, and the analogies of “Earth Moving” are in fact the original

historical motivations for its invention, when the French mathematician Gaspard

Monge was tasked with constructing earthen military fortifications in the late 18th

century [74]. Since then various extensions have been introduced. In 1939 Soviet

economist Leonard Kantarovich introduced the Kantorovich Relaxation to the original

Optimal Transport problem posed by Monge for the optimization of factory logistics

[51]. The Wasserstein distance previously introduced is directly derived from this

innovation, and would win him the Nobel Prize in Economics in 1975. In 1949,

George Dantzig showed how to efficiently solve Optimal Transport problems with

linear programming, giving the field a firm footing in optimization [29]. With the

rise of fast computing and machine learning, further advancements have arisen, and

many variants now exist for applying Optimal Transport to all kinds of probability

distributions with varying applications [27, 3, 100, 71].

While we will exploit several state-of-the-art variants of Optimal Transport in later

chapters, in this section, we will describe the basic mathematical principles underlying

the general theory. We will concretely define the important notions of couplings and

transportation plans, algorithmic details regarding their computation, and theoreti-

cal guarantees underlying their performance, starting with Monge’s original optimal

transport distance.

1.4.1 Assignment and The Monge Problem

A discrete measure is a probability vector associated with a set of locations on a

metric space. Concretely, let a ∈ Rn
≥0,b ∈ Rm

≥0 be probability vectors such that∑n
i=1 ai =

∑m
j=1 bi = 1, and let (x1 · · ·xn), (y1 · · ·ym) be locations in domain Ω,
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where Ω is some metric space with measurable cost function c : Ω × Ω → R. The

discrete measures α, β over Ω are then defined as

α =
n∑

i=1

aiδ(xi), β =
m∑
j=1

bjδ(yj)

where δ(·) is a Dirac measure at a specified location in Ω.

A Monge (transport) map T assigns each source point xi a target point yj, and

pushes the mass α toward the mass β. That is, T : {xn
i=1} → {ym

j=1} and satisfies

∀j, 1 ≤ j ≤ m,bj =
∑

i:T (xi)=yj

ai (1.1)

For compactness, we refer to any T that satisfies these conditions as the “push-forward

operator” of α, and denote it as T#α = β. The Monge Problem seeks to find the

transport map T with minimal cost, subject to the condition that T is a valid push

forward operator of α.

min
T

{
n∑
i

c(xi, T (xi)) : T#α = β

}
(1.2)

When α, β are continuous measures on Ω, the transport map T is defined by a function

T : Ω → Ω, and the “push-forward” condition T#α = β is satisfied iff, for any set

B ⊂ Ω,

β(B) = α({x ∈ Ω : T (x) ∈ B}) = α(T−1(B)) (1.3)

In the continuous setting, the Monge Problem can be defined analogously.

inf
T

{∫
Ω

c(x, T (x))dα(x) | T#α = β

}
(1.4)

The Monge Problem can be viewed as a generalized version of the assignment problem,
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as it allows probability vectors to be non-uniform and of different size. Indeed for

the particular case when n = m and ∀i, j, ai = bj =
1

m
=

1

n
, the Monge Problem

reduces to finding the optimal bijection between sets α and β.

This generality is not wholly complete however, and solutions to the Monge Prob-

lem do not exist or satisfy uniqueness for all measures α, β. No Monge maps exist

when n < m, and the push forward operator T#α cannot be constructed for incom-

patible probability weight vectors (e.g. when a = e1,b = 1
m
1). Furthermore, solving

the Monge Problem requires combinatorial optimization.

1.4.2 Coupling and the Kantorovich Relaxation

The Kantorovich Problem resolves issues associated with the Monge problem by re-

laxing the requirement for deterministic matching and introducing probabilistic cor-

respondence. In the Kantorovich Problem the satisfactory conditions are only that

the exact mass from source α is allocated to target β. The transport plan that accom-

plishes this allocation can assign mass from a single source point to multiple target

points, in a phenomenon most commonly referred to as “mass-splitting”.

In place of a Monge Map T , the Kantarovich transportation plan π can be ex-

pressed as a coupling matrix, where πi,j denotes the mass sent from source point xi

to target point yj. The satisfactory conditions can then be summarized as requiring

that the row and column sums of π equate to a and b respectively, and the set of

admissible coupling matrices forms a convex polytope denoted as Π.

Π(a,b) = {π ∈ Rn×m
≥0 | π1m = a, πT1n = b} (1.5)

Similar to the Monge Problem, the Kantorovich Problem seeks to find the admissible
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plan with minimal cost

min
π∈Π(a,b)

n∑
i=1

m∑
j=1

c(xi,yj)πij = min
π∈Π(a,b)

⟨C, π⟩ (1.6)

where C ∈ Rn×m is a pairwise cost matrix between all points in α, β, i.e. ∀i, j, Cij =

c(xi,yj).

When α, β over Ω are continuous, the transportation plan π is a coupling, or joint

probability measure on Ω× Ω whose marginals are α and β respectively. The set of

admissible couplings is given by

Π(α, β) =

{
π≥0 ∈ Ω× Ω

∣∣∣∣ ∫
Ω

π(x,y)dy = α,

∫
Ω

π(x,y)dx = β

}
(1.7)

Analogously, the Kantarovich Problem for continuous measures finds the minimal

cost associated with a valid coupling.

inf
π∈Π(α,β)

∫
Ω×Ω

c(x,y)dπ(x,y) (1.8)

The Kantorovich problem improves upon the Monge problem’s original formula-

tion in its generality and practical implementation. Solutions are guaranteed to exist

for all α, β, regardless of their size (n,m) and the construction of a,b [51]. Fur-

thermore, the space Π(a,b) forms a convex polytope, which reduces the complexity

of optimal transport from a combinatorial optimization problem to solving a linear

program [83]. For these reasons, the Kantorovich Problem is the most popular formu-

lation of the optimal transport problem, and is applied (and renamed) in various fields

[83, 51, 46, 13]. While the Kantorovich formulation is applicable to any cost function

c, in practice c is commonly defined as an ℓp metric. In such cases, the transporta-

tion cost obtained by solving the Kantorovich Problem is called the p-Wasserstein

distance.
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1.4.3 Computation

As introduced in the previous section, the p-Wasserstein distance between discrete

measures α, β is given by the Kantorovich Problem with an ℓp distance metric as the

cost function.

Wp(α, β) = min
π∈Π(a,b)

⟨C, π⟩

where Cij = dp(xi,yj) =

(∑
k

|xik − yjk|p
) 1

p

(1.9)

To solve this optimization problem, we can rewrite the objective and constraints

as a linear program. This requires encoding the restrictions of admissible coupling

matrices π ∈ Π(a,b) into an equality with the product between a matrix and a vector,

rewriting the matrix dot product ⟨C, π⟩ in the objective function into a vector dot

product, and enforcing non-negativity for all variables.

We can convert the matrices in the objective function into the desired vectors

through vectorization. Let p ∈ Rnm
+ denote the column-stacked coupling matrix

π, and c ∈ Rnm
+ column-stacked cost matrix C. That is, pi+n(j−1) = πij, and

ci+n(j−1) = Cij. To encode the row and column-sum restrictions, we define a ma-

trix A ∈ R(n+m)×nm,

A =

1T
n ⊗ Im

In ⊗ 1T
m


where In denotes an identity matrix of size n, and ⊗ the Kronecker Product. The set

of admissible coupling matrices π ∈ Π(a,b) is then equivalent to

p ∈ Rnm
+ | Ap =

a
b



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After these modifications, the original optimization problem for the p-Wasserstein

can be rewritten as

Wp(α, β) = min
p∈Rnm

+

cTp s.t. Ap =

a
b

 (1.10)

This is a linear program in canonical form, and can be solved using any Linear

Programming solver. In practice, most implementations rely on Orlin’s algorithm

[79] or interior point methods [64], which have complexity O(k3 log k), where k =

nm. When α, β are continuous measures, the same procedure can be applied after

discretization [83, 29].

1.4.4 Theoretical Guarantees

Defining appropriate measures of “distance” between probability distributions is a

fundamental problem in statistics, and many methods exist. The strongest notions

of “distance” are characterized as distance metrics, and satisfy the three metric con-

ditions. Formally, given a domain M and a distance d : M ×M → R, d is a metric

if and only if d satisfies the following conditions for all distributions P,Q,R ∈ M

1. (Non-negativity) The distance between two distributions is non-negative:

d(P,Q) ≥ 0

2. (Identity of Discernables). The distance between two distributions is 0 if and

only if they are identical:

d(P,Q) = 0 ⇐⇒ P = Q

3. (Symmetry) The distance between two distributions is independent of their

18



order in the distance function:

d(P,Q) = d(Q,P )

4. (Triangle Inequality) Distances satisfy geometric and physical notions of space:

d(P,R) ≤ d(P,Q) + d(Q,R)

Most statistical distances are not metrics; for example, the Kullback-Leibler Diver-

gence is not symmetric [56], while the Bhattacharyya distance does not satisfy the

triangle inequality [9].

The Wasserstein distance satisfies all four properties, and as such is a metric

[51]. Furthermore, the concept of an optimal transportation plan that underlies

Wasserstein metric ensures that the Wasserstein distance respects the geometry of

the measure space. This property separates Optimal Transport metrics from other

statistical distance metrics. As an illustrative example, consider two 1-dimensional

probability distributions p(x), q(x) defined as

p(x) ∼ N (µ, σ2), q(x|τ) ∼ N (µ− τ, σ2)

Here τ ∈ R is a free parameter that dictates the “difference” between p(x) and q(x),

which we will attempt to quantify using a statistical distance metric d. For ease of

notation, we will refer to d(p(x), q(x|τ)) as simply d(p, q(τ)). When τ = 0, p(x) and

q(x|τ) are identical, and we expect that d(p, q(τ)) = 0. Conversely, as |τ | increases,

we expect that d(p, q(τ)) will also increase.

In Figure 1.4 we can see that this is not the case for most statistical distance

metrics. For the Jenson-Shannon, L1, L2, and Hellinger metrics, d(p, q(τ = 10)) =

d(p, q(τ = 15)). In fact, d(p, q(τ = 10)) = d(p, q(τ = h)) for any value of h with
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Figure 1.4: Comparing Statistical Distance Metrics. We compute the statis-
tical distance between two probability measures defined on domain R. While all
the distance functions presented are metrics, only the 2-Wasserstein respects the
geometry of the domain. The distributions were parameterized as p(x) ∼ N (µ, σ2),
q(x|τ) ∼ N (µ−τ, σ2). For each metric, the range of d(p(x), q(x|τ)) over τ ∈ [−15, 15]
was [0, 1] normalized for ease of comparison.

a magnitude greater than 10. Furthermore, we can see that the magnitude of the

gradient ∂d(p, q(τ))/∂τ is not constant for these metrics. The change in |d(p, q(τ))|

when τ is close to 0 is extremely large, however as the magnitude of τ increases,

|d(p, q(τ))| appears to “saturate” and becomes constant. While the Jenson-Shannon,

L1, L2, and Hellinger distances satisfy all four metric properties, their behavior is

counter intuitive to our notions of “distance”, and does not respect the geometry of

the underlying space (i.e. R). In contrast, the Wasserstein distance increases linearly

as |τ | increases and the distributions “move” further apart. This behavior better

captures our intuition, and respects the geometry of the domain.

1.5 Contributions of this Thesis

This thesis addresses key challenges in multiplexed imaging by developing new com-

putational methods using techniques from Optimal Transport. We focus on two chal-

lenges: spatial integration and microenvironment characterization. We evaluate our

methods on published and synthetic data, and compare their performance with state-

of-the-art benchmarks. Lastly, we apply our methods to analyze a new multiplexed
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IHC dataset of murine colorectal cancer.

In this chapter, we have introduced the computational challenges and opportu-

nities in multiplexed spatial imaging, and reviewed existing methods for the quanti-

tative analysis of spatial data, highlighting their advantages and shortcomings. We

have proposed a novel approach that relies on statistical distance metrics derived

from Optimal Transport. We provided a mathematical review of the principles, com-

putation, and theoretical guarantees underlying OT, and showcased applications to

spatial data.

In Chapter 2, we discuss the problem of integrating spatial profiles from adja-

cent tissue slices. We introduce a novel learning algorithm for optimizing alignment

between tissues based on partial OT. Our method addresses the practical and chal-

lenging case where slices do not fully overlap and have different cell type compositions.

We evaluate our method on simulated datasets, and demonstrate its superior resilience

to spatial distortions and artefacts commonly encountered multiplexed datasets com-

pared to current methods. To address the challenge of scaling alignment to tissues

with hundreds of thousands of cells, we introduce a statistical estimator for optimal

transport distances that achieves similar performance with a fraction of the compu-

tational cost.

In Chapter 3, we consider the task of quantitatively characterizing and identifying

cell microenvironments. We introduce a novel approach to microenvironment charac-

terization that captures both cell type and spatial information using graph OT. On

synthetic datasets, we demonstrate that our method can accurately describe changes

in spatial interactions and cell type compositions. On pathologist annotated mul-

tiplexed IMC images of lung tissue, we demonstrate that graph-OT reveals unique

microenvironments that are directly linked to known cell type interactions and func-

tional tissues. We benchmark our method against two state-of-the-art algorithms for

microenvironment characterization, and demonstrate that it outperforms both with
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statistical significance. On a dataset of CODEX imaged head and neck squamous

cell carcinoma tumors, we show that graph-OT identifies microenvironments that are

highly predictive of patient outcome, once again outperforming baseline benchmarks

and state-of-the-art competitors.

Finally, in Chapter 4, we present a case study that showcases the practical appli-

cation of our spatial integration and microenvironment characterization methods on

a novel dataset of mouse colorectal cancer tissues profiled with multiplex IHC. Using

partial OT spatial integration, we align tissues with hundreds of thousands of cells,

enabling an integrated spatial analysis of 16 different cell types. Using graph-OT,

we identify distinct microenvironment subtypes that corresponded to unique cell en-

richment profiles and spatial domains. Furthermore, we showed that some of these

subtypes were highly sensitive to TGF-β signalling, demonstrating that TGF-β plays

an important role in shaping tumor microenvironment landscapes in colorectal cancer.
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Chapter 2

Alignment and Integration of

Spatially Resolved Proteomics

Data with Partial Optimal

Transport

2.1 Introduction

Spatial integration is the process by which information from different multiplex sam-

ples is integrated into a cohesive framework. As explained in the previous chapter, cur-

rent multiplex imaging technologies are limited to two-dimensional profiles of thinly

sliced tissues, and enforce a strict trade-off between the number of proteins measured

and the size of the tissue profiled. Thus, spatial integration of adjacent slices pro-

filed with different marker panels is a necessary step to profiling WSIs across diverse

cell types (Figure 2.1). Due to rips and tears introduced in sample collection and

measurement, as well as intrinsic biological variation orthogonal to the direction of

slicing, this task is difficult for automated image registration algorithms, and tedious
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Spatial 
Integration

Tissue Sectioning
Slice Optimization and Measurement

Figure 2.1: Spatial Integration. Two thin tissue slices (orange, blue) are sectioned
from the same tissue. One slice is stained to detect one set of protein markers, and
the second slice another. Due to technical variation in the sample collection process,
there are rips and holes in the blue slice not present in the orange slice and vice versa.
Spatial integration is used to align the blue and orange tissue slices, and allow for
joint analysis of both the blue and orange cell populations in an integrated tissue.

to perform manually.

Several strategies exist for the unsupervised integration of spatial profiles. One

possible approach is to employ tools from spatial transcriptomics, such as CytoSPACE

[113], STUtility [7] and PASTE [124]. These methods use both spatial information

and molecular expression profiles to perform slice alignment. Having been designed

for spatial transcriptomics data, they assume a high degree of conserved molecules

between slices, which is not guaranteed if the slices have been optimized for different

cell phenotypes. An alternative strategy is to apply methods from image registration,

such as ITK [67] and elastix [54]. Unfortunately, many of these methods struggle

when only partial correspondences are possible, such as when tears or holes occur in

the sample collecting process, and require manually selected landmarks. One of the

most promising strategies for slice alignment is point set registration, which treats

each cell as a point in 2D space. Each tissue slice is then modeled as a point cloud,

and the spatial integration task reduces to merging point clouds into a globally con-

sistent model. This approach is uniquely suited to spatial proteomics, as it makes no

assumptions on shared molecules beyond cell detection.

In this chapter, we introduce a computational method for integrating multiple

spatial measurements with substantial improvements over existing methods. Our
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method applies partial optimal transport to point set registration, and addresses the

important and practical case where slices do not fully overlap in space and have

different cell phenotypes. We also introduce an efficient algorithm called quantized

optimization, that enables rapid alignment of large tissues with hundreds of thou-

sands of cells. To the best of our knowledge, our method is the first to introduce

quantized partial optimal transport to the spatial proteomics integration problem, as

well as the optimization procedures to solve it. We benchmark our method against

Iterative Closest Point (ICP) [126] and Coherent Point Drift (CPD) [76], two state

of the art algorithms, and demonstrate our method’s robustness to rips, tears, and

other challenging spatial distortions induced by morphological variation and sample

collection present in spatial proteomics datasets.

2.2 Point Set Registration

2.2.1 Mathematical Formulation

Spatial integration can be formulated as a point set registration problem. In this

framework, each cell is treated as a point in 2D space, commonly defined as the

center of a bounding box that encloses the cell. Since each cell is represented by a

point, a tissue is represented as a point cloud, and the spatial integration task is then

equivalent to aligning multiple point clouds into a single globally consistent model, a

task known as point set registration. Unlike algorithms for spatial transcriptomics,

which perform alignment by matching gene expression profiles between tissues, point

set registration only requires locations, and does not require conserved cell types or

a large set of overlapping markers between tissues.

Point set registration can be formulated as follows. Let M ∈ Rn×d, S ∈ Rm×d

denote point clouds with n,m points in a real-valued vector space of dimension d.

The problem is to find a transformation that can be applied to the “moving” point
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set M such that the alignment error between M and the fixed, or “static”, set S is

minimized.

T ∗ = argmin
T∈T

L(T (M), S) (2.1)

Here T denotes the set of valid geometric transformations, and L is a cost function

that quantifies the alignment error. The alignment quality is heavily dependent on

the formulation of L, and different Point Set Registration algorithms are constructed

from different variants [22, 76]. When multiple (≥ 2) point sets are to be aligned,

this process can be repeated, with each additional point set aligned with the point

cloud formed by the union of previously aligned sets.

2.2.2 Geometric Transformations

A geometric transformation T is any bijective function T : Rd → Rd, and there are

many possible transformation classes. The choice of the set of geometric transforma-

tions T is problem dependent, and selected for the properties it preserves. For exam-

ple, displacements only allow for translations, which preserve distances and angles,

whereas diffeomorphisms allow for ”warping”, which only preserves differentiability

or smoothness.

In spatial integration, we choose to constrain our class of transformations to rigid

transformations, which preserve Euclidean distances between all pairs of points. This

distance-preserving property allows for an unbiased measurement of cell proximity

across tissues, which is essential for further analysis of cell interactions and commu-

nication. For our 2-dimensional tissues, Rigid Transformations can be parameterized
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by the function T : R2 → R2, defined as

T (v) = Rv + t =

cos θ − sin θ

sin θ cos θ

v +

t1
t2

 (2.2)

∀v ∈ R2. The parameters θ ∈ [0, 2π) control the angle of rotation, and t1, t2 ∈ R the

horizontal and vertical shifts respectively. For compactness, we define Θ := {θ, t1, t2}

as the set of parameters for a rigid transformation, and T (v | Θ) to be the transformed

vector under parameter set Θ. An object acted upon by a rigid transformation T will

preserve its size and shape, but not its position or orientation.

2.2.3 Solving the Point Set Registration Problem

Practical point set registration algorithms typically include two components: one

component assigns correspondences between S,M , and the other computes the opti-

mal transformation between S,M based on these correspondences. If the correspon-

dence is known, for example using manually defined landmarks or feature matching,

then the registration problem reduces to finding the transformation. This problem

is known as the Procrustes Problem, and has a closed form solution [95]. The more

challenging and common scenario is when correspondences are unknown. In this set-

ting, the correspondence and transformation must be jointly optimized, in a process

called “simultaneous pose and correspondence registration”. In this formulation, a

correspondence is hypothesized, and based on this correspondence, the pose is com-

puted and the moving point clouds are projected to their destinations. From this

“new” moved point cloud, another correspondence is hypothesized, and another pose

is computed. This process proceeds iteratively until the distance between consecutive

projections is less than a prescribed tolerance [34].

In the context of integrating spatial proteomics profiles, the point set registration

task is particularly challenging because perfect correspondences do not exist. Since

27



each point cloud represents a different tissue slice, it is almost guaranteed that n ̸= m,

and no direct assignment exists since almost no cells are shared between tissues.

Furthermore, changes in the tissue architecture parallel to the axis of slice acquisition,

as well as rips or holes induced during the sample collection process, mean that even

the overall shape of the tissues will be different across slices. If these deformations

are severe enough, a complete alignment may not exist, and a partial alignment must

be sought, since only overlapping parts of the different tissues can be registered to

one another.

2.3 Related Work

Point set registration is a well studied problem in computer vision, with important

applications in robotics, navigation, and computer graphics. Two of the most popular

and successful algorithms are the Iterative Closest Point (ICP) and Coherent Point

Drift (CPD) [126, 76].

In the ICP algorithm, correspondences are defined in terms of the closest (Eu-

clidean) distance criterion. That is, the correspondence between the transformed

moving point T (mi) and the scene point sj is given by

π(T (mi), sj) =


1 if d(T (mi), sj) < d(T (mi), sk ̸=j)

0 otherwise.

Given these correspondences, the optimal transformation minimizes the Euclidean

distance between each point in the transformed moving point set M , and its corre-

sponding point in the scene point set S.

LICP =
N∑
i=1

M∑
j=1

π(T (mi), sj)∥T (mi)− sj∥22 (2.3)
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ICP is optimized in an alternating, iterative fashion. The correspondence matrix π

is estimated by associating each transformed moving point T (mi) with its nearest

neighbor in S, and the transformation T that minimizes the loss conditioned on the

correspondence matrix π is obtained by solving the Orthogonal Procrustes Problem.

This alternating process is repeated until convergence.

ICP is simple to implement and efficient to compute, and is often used for real-time

point registration tasks, such as in autonomous navigation and robotic manipulation.

Unfortunately, the performance of ICP is heavily dependent on the quality of its

correspondence matrix, which can be difficult to estimate in settings where there are

a high proportion of outliers or missing points, or when only partial correspondences

may exist. Various extensions have been introduced to increase the robustness of ICP,

for example by including a Random Sample Consensus (RANSAC) step to identify

and reject outliers [37].

CPD attempts to correct for the brittleness of ICP by introducing probabilistic

correspondences. In CPD, the moving point set M is represented by an n-compontent

Gaussian Mixture Model (GMM) with centers T (mi), while the scene point set S

represents observations from the GMM. Subsequently, the correspondence between

the transformed center T (mi) and scene point sj is simply the posterior probability

of observing or sampling sj from component T (mi),

π(T (mi), sj) = p(sj | T (mi))

= exp

(
−1

2σ2
∥sj − T (mi)∥22

)/ n∑
k=1

exp

(
−1

2σ2
∥sj − T (mk)∥22

)

Given this probabilistic correspondence, the optimal registration is given by maxi-

mizing the expectation of observing S under the parameters (transformed centers) of
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T (M).

LCPD = −
N∑
i=1

log
M∑
j=1

p(T (mi))p(sj | T (mi)) (2.4)

The CPD algorithm is optimized through Expectation-Maximization (EM); at each

iteration the correspondence is computed (Expectation Step), and the transformation

parameters are updated (Maximization).

Due to the computational cost of computing the expectation per iteration, CPD

is slower than ICP but remains highly popular due to its improved robustness. While

the CPD’s use of probabilistic correspondences confers greater robustness to missing

points and outliers, it struggles when only a partial registration is possible. Similarly

to ICP, various extensions have been introduced to combat this weakness, for example

by introducing density adaptive sampling to account for variations in point cloud

densities [58].

2.4 Optimal Transport for Point Set Registration

In this chapter, we introduce a computational method for spatial integration that

applies optimal transport to point set registration. As described in the previous

chapter, optimal transport quantifies the distance between distributions by computing

the cost associated with the most efficient (or optimal) transport plan that transports

the mass from one distribution to another. OT is ideally suited to tissue alignment. In

optimal transport, each slice can be represented as an empirical distribution sampled

from an underlying density (the 3D tissue). Because these empirical samples are

drawn from the same distribution, their optimal transport distance should be small,

and we can optimize for transformations that reduce the optimal transport distance

between them to recover the optimal alignment.

Furthermore, if we represent each point cloud as a discrete probability distribu-
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tion, then obtaining correspondences between point clouds is equivalent to finding

the optimal transport plan. As the Kantarovich formulation (Equation 1.6) allows

for mass splitting, these correspondences do not require a one-to-one matching be-

tween point clouds, and allow for probabilistic assignments between source and target

points. While the original OT problem (Equation 1.9) requires mass conservation (e.g.

the source and target masses must be equivalent), we can relax this constraint and

allow for plans that only transport part of the mass in a formulation known as par-

tial optimal transport. This formulation allows us to construct partial, probabilistic

correspondences between distributions, rendering our metric robust to missing tis-

sue, shape changes, and other spatial distortions and artefacts induced by sample

collection or tissue variation. Altogether, these mathematical properties provide an

effective metric for measuring alignment quality in point set registration.

2.4.1 Partial Optimal Transport

While there are many variants of both the Optimal and partial Optimal Transport

frameworks, for simplicity in this chapter we will use OT and POT to denote the

2−Wasserstein and partial 2−Wasserstein problems, unless otherwise stated. Return-

ing to our notation from the previous chapter, let α, β denote two discrete measures

over metric space Ω with a measurable cost function c : Ω× Ω → R.

α =
n∑

i=1

aiδ(xi), β =
m∑
j=1

bjδ(yj)

Then as before, the 2-Wasserstein distance between α, β is defined as

OT(α, β) := W2(α, β) = min
π∈Π(a,b)

⟨C, π⟩

Π(a,b) = {π ∈ Rn×m
≥0 | π1m = a, πT1n = b}
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where Cij = ∥xi − yj∥22, and a,b denote the probability mass vectors of α, β. The

OT distance requires that α, β have the same probability mass, ∥a∥1 = ∥b∥1 and that

all the mass has to be transported. This requirement is not suitable for domains like

the point set registration task, where only partial correspondence is needed.

The partial Optimal Transport (POT) problem requires that only a fraction 0 ≤

s ≤ min(∥a∥1, ∥b∥1) of the mass be transported. In this case, the set of admissible

couplings is denoted as Πs(a,b), and analogously to the OT framework, it requires

finding the admissible coupling π ∈ Πs(a,b) that transports this fraction s with

minimum cost.

POT(α, β) := partial W2(α, β) = min
π∈Πs(a,b)

⟨C, π⟩

Πs(a,b) = {π ∈ Rn×m
≥0 | π1m ≤ a, πT1n ≤ b,1T

nπ1m = s} (2.5)

Solving the POT problem is equivalent to solving an OT problem on an “augmented”

distribution.

POT(α, β) = OT(α, β) = min
π∈Π(a,b)

〈
C, π

〉
where C ∈ R(n+1)×(m+1), a ∈ Rn+1,b ∈ Rm+1 denote an augmented cost matrix and

extended probability mass vectors respectively, such that

C =

C 0n

0T
m A

 , a =

[
a, 1− s

]
, b =

[
b, 1− s

]

and A > 0 is an arbitrary scalar [18].
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2.4.2 Optimizing POT for Point Set Registration

We model the static and transformed moving point clouds as empirical probability

distributions S and T (M) respectively over locations in R2:

S ≜
n∑

i=1

1

n
δ(si), T (M | Θ) ≜

m∑
i=1

1

m
δ(T (mj | Θ)) (2.6)

The loss function is defined as the POT Distance between these distributions, where

the (unbalanced) amount of mass to be transported is defined as the ratio between the

number of cells in the smaller and larger tissues, s = min
{

|M |
|S| ,

|S|
|M |

}
. The Point Set

Registration Problem is then equivalent to finding the set of parameters Θ = {θ, t1, t2}

for the rigid transformation T that minimizes the POT distance between S and

T (M | Θ):

min
T∈T

L(S, T (M)) = min
Θ

POT(S, T (M | Θ)) (2.7)

We solve Equation 2.7 to obtain the optimal alignment with gradient descent using

Algorithm 1.

Gradient descent is an iterative optimization algorithm. For a convex loss function

and small enough step size η, gradient descent is guaranteed to converge to the global

minimum under any initialization [26]. We can prove the convergence of gradient

descent under these conditions as follows.

L(Θ(k+1)) = L(Θ(k) − η∇L(Θ(k))) Parameter Update Rule

≈ L(Θ(k))−∇L(Θ(k))Tη∇L(Θ(k)) First-order Taylor series

= L(Θ(k))− η∥∇L(Θ(k))∥22 Definition of ℓ2 norm

⇒ L(Θ(k+1)) ≤ L(Θ(k)) Non-negativity of ℓ2 norm (2.8)

33



For point set registration using a rigid transformation, our loss function is not

globally convex, as an equivalent global minima can be obtained by modifying the

optimal transformation with a rotation of 2nπ, where n is any non-zero integer.

Thus, our loss landscape can only be locally convex over the restricted transformation

domain Θrestricted = {θ ∈ [nπ, nπ + 2π), t1 ∈ R, t2 ∈ R} for some fixed n. Depending

on the tissues to be registered, pathological point clouds may induce multiple global

or local minima even in a restricted domain. For instance, multiple global minima

may arise if one tissue is multiple times larger than the other and constructed of

repeated sub-structures, allowing for multiple “matching” locations for the smaller

tissue in the larger. Alignments between tissues with drastically varying densities,

or irregular protrusions of cells can induce local minima. In this setting, a local loss

minima can be achieved by greedily aligning the larger and denser tissue regions, at

the expense of the sparser protrusions. Modifying the transformation parameters will

increase the loss as the dense tissue “body” will need to move out of alignment before

settling into the globally optimal configuration. In practice, even for non-convex

or locally convex functions, gradient descent is an effective optimization strategy

when combined with multiple, random, initializations. These random initializations

allow gradient descent to better explore the loss landscape, and avoid consistently

converging to the potentially local minima [97]. The parameter set that produces the

lowest loss over all initializations is selected as the optimal solution.

In this Chapter, all experiments represent the performance of our method, as

well as ICP and CPD, using an initialization at Θ = {0, 0, 0} for consistency and

fairness. In Chapter 4, we apply our POT alignment method to a novel dataset of

large, mouse tissues profiled with multiplex IHC, and rerun each alignment multiple

times with varying initialization parameters sampled over Θrestricted, and select the

transformation parameters that produce the lowest POT loss.

While there are many strategies for computing the gradient in a numerically stable
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and computationally efficient way, we employ automatic differentiation in PyTorch

[81]. To improve convergence, we z-normalize the point clouds S,M :

∀ s′i ∈ S ′, s′i =

(
si − E[(P1)]

σ(P1)
,
si − E[(P2)]

σ(P2)

)
∀m′

i ∈ M ′,m′
i =

(
si − E[(P1)]

σ(P1)
,
mi − E[(P2)]

σ(P2)

)
(2.9)

Here S ′,M ′ are the normalized point clouds, P = S ∪M is the union of S,M , and

P1, P2 are the first and second columns (e.g. x, y coordinates) of P respectively. This

ensures that individual parameter updates are of the same magnitude, which helps

smooth the loss surface and prevent one gradient direction from dominating the others

[17].

Algorithm 1 Gradient Descent POT Optimization for Point Set Registration

Given: point clouds S,M , step-size η > 0, initial transformation parameters Θ(0),
maximum iterations K.

Set s, the amount of mass to be transported, so that s = min{ |M |
|S| ,

|S|
|M |}.

Construct z-normalized point clouds S ′,M ′ using Eq. 2.9.
Construct a distribution S for the normalized scene points S ′ using Eq. 2.6.
for k = 1 · · ·K do

Construct a distribution T (M | Θ) for the normalized moving points using Eq.
2.6.

Compute the loss gradient ∇L(Θ) with respect to the current parameters:

∀ i,∇L(Θ)i =
∂L
∂Θi

= lim
ϵ→0

L(Θi + ϵ,Θ∀j ̸=i)− L(Θi,Θ∀j ̸=i)

ϵ

where L(Θ) = POT(S, T (M | Θ))

Update the transformation parameters so that Θ(k+1) = Θ(k) − η∇L(Θ(k)).
end for
Inverse z-normalize the aligned point cloud T (M | Θ(K)).
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2.4.3 Improving Computational Efficiency

Computing optimal transport distances between large point clouds can be compu-

tationally expensive. This is a particularly relevant challenge in our setting: mul-

tiplexed WSIs will have hundreds of thousands of cells, and gradient descent is an

iterative algorithm that requires POT computations at each iteration. To reduce

the computational cost, we avoid computing optimal transport distances between

the original (large) point clouds, and instead use stochastic estimations from smaller

samples, effectively exchanging computationally cheaper iterations for a potentially

slower convergence rate.

The cheapest and simplest approximation of the optimal transport distance is the

plug in estimator, which is computed by sampling from the original point clouds S,M

and computing the POT distance between samples:

POTplug in(S,M) := POT(Ŝk,M̂l)

where Ŝk ≜
k∑

i=1

1

k
δ(ŝi), ∀ŝi

i.i.d∼ S

and M̂l ≜
l∑

j=1

1

l
δ(m̂j), ∀m̂j

i.i.d∼ M. (2.10)

Here k, l denote the number of sampled points from S,M respectively, and are typi-

cally chosen to preserve the original ratio in the number of points in S,M , i.e.
k

l
≈ n

m
.

Because the subsampling process is random, the POT distance will be a random vari-

able, and the resulting gradient computations will be stochastic. For this reason,

the corresponding iterative optimization algorithm will be analogous to stochastic

gradient descent (SGD).

The plug in estimator is cheap to compute and simple to implement. Given enough

iterations, SGD will converge to the same solution as gradient descent [97]. However,

the plug in estimator is an extremely noisy approximation of the true POT distance
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with a weak convergence rate, i.e. it requires exponentially more samples for a linear

reduction in error [117]. Consequently, each gradient step will only be approximately

in the right “direction” in parameter space, and the optimization trajectory will be

very noisy. In order to converge to global optima, SGD must employ a large number of

iterations, or k, l must be very large in order to reduce the approximation error. How-

ever, the bottleneck in Algorithm 1 is not constructing S,M, but the computational

cost of repeatedly computing optimal transport distances between large numbers of

points. Thus, increasing the number of samples or running for more iterations de-

grades the benefit of using a stochastic estimator. Instead of increasing k, l to reduce

the variance of the POT estimate, a better strategy is to construct an approximation

of S,M, that more accurately captures the underlying spatial structure.

To accomplish this, we employ an algorithm introduced in [8] that draws in-

spiration from the field of signals processing, in particular quantization, a form of

compression algorithm that maps values from a large (or continuous) set to a much

smaller, finite set. Instead of constructing Ŝk,M̂l by drawing k, l locations from S,M

and assigning them uniform weights, we cluster the original point clouds S,M , and

define their quantized distributions to be probability measures located at the cluster

centers with weights equivalent to the normalized cluster size:

POTquantized(S,M) := POT(Ŝk,M̂l)

where Ŝk ≜
k∑

i=1

|Si|
|S|

δ(c(Si)),
k⋃

i=1

Si = S

and M̂l ≜
l∑

j=1

|M i|
|M |

δ(c(M i)),
l⋃

j=1

M j = M (2.11)

where Si denotes all the points in the i-th cluster of S with center c(Si), and anal-

ogously for M j and c(M j). In principle, any clustering method can be used, but in

practice the k-means clustering [42] is preferred.
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k-means is computationally inexpensive, and clusters data by assigning each point

to the cluster whose center it is closest to while optimizing the location of cluster cen-

ters so that the “spread”, or variance, of each cluster is minimized. This process

effectively partitions the data space into Voronoi cells, which ensures a widespread

dispersion of centers across the point clouds, thus capturing the underlying spatial

structure more effectively. Depending on the size of the tissues, k-means can be ap-

plied to the original or subsampled point clouds. However, because k-means clustering

is computationally cheap, a large number of samples may be drawn from S,M to find

the most representative k, l centers at relatively inexpensive cost. Importantly, this

process allows us to compute better approximations of the POT distance than the

plug in estimator, while maintaining similar computational requirements: while fast

k-means clustering can be performed on up to M,N points, the expensive optimal

transport computation is still computed on only k << N, l << M points.

2.5 Results

2.5.1 The POT Loss Quantifies Alignment Quality

We first demonstrate the performance of our method on simulated tissues where the

true alignment is known. We randomly sample 2000 cell locations from a single slice

of tissue and divide them into two artificial point clouds called Panels 1 and 2. This

ensures that no cell exists on both panels, and no markers are conserved between

slices beyond cell location. This construction mimics a multiplex experiment where

two, 2D slices are sectioned from the same 3D tissue and stained with different protein

markers. To simulate spatial deformations and artefacts induced by sample collection,

we artificially corrupt Panel 2, and simulate a dramatic ”tear” by removing all of the

cells below a certain break point, before randomly rotating and shifting. Together,

this synthetic experiment ensures that there is no one-to-one correspondence between
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a)

b)

c)

Figure 2.2: Partial Optimal Transport Alignment. a) Given two synthetic tissue
slices modeled as point clouds, the integration task is equivalent to transforming Panel
1’s initial position to the ground truth. b) Using Algorithm 1, we learn the trans-
formation parameters that minimize the POT distance between point clouds. The
POT distance accurately quantifies alignment quality, and gradient descent converges
to the true parameters. c) The POT distance between Panel 1 and (transformed)
Panel 2 is shown across different transformation parameters. In comparison, the
Mean Squared Error (MSE) between the (normalized) transformed Panel 2 and its
(normalized) ground truth position is also shown. The POT distance is highly corre-
lated with the true alignment error (MSE), even though the true correspondence is
unknown.
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cells, and simulates an extreme example of partial registration, since only the top half

of Panel 1 overlaps with Panel 2. Since we provide the original rotation and shifts,

the optimal parameter set Θ∗ that returns Panel 2 to its original location is known,

allowing us to quantitatively benchmark the performance of Algorithm 1.

This experiment demonstrates that Algorithm 1 recovers the optimal transfor-

mation parameters, and that the POT distance can be used to measure alignment

quality. In Figure 2.2 (a), we show that the solution to Equation 2.7 is equivalent to

the ground truth alignment between slices. In Figure 2.2 (b), we demonstrate that

our loss function provides an accurate, quantitative measure of alignment quality, and

that the parameters learned by gradient descent converge to their optimal values. In

Figure 2.2 (c), we compare our loss function across different transformation param-

eters with the Mean Squared Error (MSE) between the transformed (normalized)

position of Panel 2 and its (normalized) ground truth position. Since our parameter

space Θ has three variables, for visualization purposes we combine the x, y shifts t1, t2

into a single “distance” variable
√
t21 + t22. As shown in Proof 2.8, the parameter tra-

jectory induced by the gradient step follows the direction of steepest descent, allowing

for fast optimization of the loss function. We observe that the global minimum of the

POT loss is precisely located at the true transformation parameters Θ∗, providing

evidence that the POT loss is an unbiased measure of alignment quality. We fur-

ther validate this by computing correlation metrics between the POT loss and the

ground truth MSE distance. The stricter Pearson correlation yields a correlation of

0.925, while the Spearman correlation, which only requires a monotonic relationship,

records 0.973. Both metrics demonstrate that the POT distance is a powerful tool

for measuring alignment quality, even when the true correspondence is unknown, and

only partial registration is possible.

40



a)

b) c)

Figure 2.3: Estimator Comparison. a) The leftmost panel shows the full tissue
consisting of over 100, 000 cells, with spatial locations colored by relative cell density.
The next two panels show the plug in and quantized representations of this distri-
bution with 100 samples, with points colored by weight. b) For the same number
of samples, (k = 100), we compare the relative error between the analytic POT dis-
tance, and the approximate distance estimated by plug in and quantized sampling.
While both are reasonably unbiased, the quantized estimator has a greatly reduced
variance. c) We compute the absolute relative error as a function of sample size. The
quantized estimator is always more accurate, and converges slightly faster than the
plug in.

2.5.2 The Quantized Estimator Enables Fast and Accurate

Alignment

We next demonstrate the improved efficiency of the quantized estimator. In this

experiment, we compute the POT distance between a tissue X consisting of over

100, 000 cells and a shifted version of itself, T (X | {0, t1, t2}). While calculating

the POT distance between such large datasets is computationally challenging, the

analytical POT distance between any distribution and a shifted version of itself is

given by the magnitude of the shift [83], in this case
√

t21 + t22. For simplicity, we

set the number of samples from each point cloud to be equal so that k = l, and the
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amount of transported mass to s = 1, and compare the accuracy of the quantized and

plug in estimators for increasing larger k. For the quantized estimator, we perform

k-means clustering on 10k samples drawn randomly from X.

This example demonstrates the improved performance of the quantized estimator.

In Figure 2.3 a), we show that the plug in sample does not properly account for varia-

tions in tissue density, and does not capture the spatial structure of the entire tissue.

In contrast, the quantized sample accurately captures the entire tissue structure com-

plete with varying density. Figure 2.3 b) demonstrates that the quantized estimator

has a much smaller variance than the plug in estimator at an equivalent number of

samples. This variance reduction can be explained by the visualizations shown in

the previous panel. Because the plug in estimator uses random samples, the sample

distributions Ŝ,M̂ struggle to comprehensively capture the overall tissue structure

and produce noisy estimates of the POT distance. In contrast, the clustering step

in the quantized estimator produces stable cluster centers, reducing the variability in

the POT estimate. Figure 2.3 c) demonstrates that the quantized estimator is over

10× more accurate than the plug in estimator for all sample sizes. Furthermore, by

computing the slopes of the log-log plot of error versus sample size, we can estimate

their convergence speed as a function of sample size. We observe that the quantized

estimator converges approximately 11% faster than the plug-in estimator. Again, this

behavior can be explained by the sampling strategy: the plug in estimator improves

its approximation of spatial structure by gathering more random data points. In

contrast, the quantized estimator adds new cluster centers, progressively increasing

the “resolution” of the approximated spatial structure.

In Figure 2.4, we demonstrate the impact of the POT estimation strategy on

tissue alignment. Similar to the our construction in the previous section, we generate

synthetic data with artificial deformations that simulate a spatial proteomics workflow

on two 2D slices, before randomly rotating and shifting one point cloud, to determine
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a)

b)

c)

Figure 2.4: Comparison of Estimator Strategies on Spatial Alignment. In
this plot, “Full” refers to Algorithm 1 using a gradient computed between complete
point clouds, while “Stochastic” and “Quantized” refer to gradients calculated using
the plug in and quantized estimators respectively. (a) Tissue alignment results for
different estimators after 500 iterations, compared with the ground truth and original
starting positions. POT Loss convergence as a function of iterations (b) and time
(c) for different strategies. Since the Full POT loss computation is deterministic, its
optimization trajectory is noiseless. In contrast, the plug in and quantized estimators
are stochastic, and yield noisy optimization trajectories. The reduced noiseness of
the quantized trajectory in comparison to the stochastic trajectory can be explained
by the reduced variance of the quantized estimator shown in Figure 2.3 b).
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whether our methods can recover the optimal transformation parameters. In this

example, we increase the number of cells sampled to 10, 000, limited only by our

need for comparison with the baseline POT solver, and introduce artificial holes to

simulate accidental punctures during the sample collection process, or cavities in a 3D

tissue. We apply Algorithm 1 to the point clouds, and vary the gradient computation

strategy between “Full”, “Stochastic”, and “Quantized”. In the “Full” settting, the

POT Loss is computed between the complete point clouds, while the “Stochastic” and

“Quantized” settings refer to losses computed between sampled point clouds using

the plug in and quantized estimators respectively with k = l = 100 samples.

This experiment highlights several interesting trends. In Figure 2.4 a), we can

observe that for a fixed number (500) of iterations, POT optimization with the Full

gradient computed between complete point clouds yields the best alignment, with the

Quantized gradient falling slightly behind, and the Stochastic gradient performing

worst. In Figure 2.4 b), we observe that the Full gradient converges much faster than

the other two methods, achieving a final POT loss 100× smaller than the Stochastic

gradient, and 10× smaller than the Quantized gradient after 500 iterations. However,

analysis of the CPU time required to compute 500 iterations in Figure 2.4 c) reveals

the computational acceleration induced by the different strategies. The Stochastic

Gradient is approximately 3× faster than the Full Gradient, and almost 2× faster

than the Quantized. Altogether, this experiment demonstrates the tradeoff between

a slower convergence rate and faster iterations. For larger tissues, this tradeoff is no

longer optional, as they contain too many cells for a Full Gradient to be computed.

In this case, the combination of the faster loss convergence by the Quantized gradient

as a function of iterations compared to the Stochastic gradient, and the faster conver-

gence of the Quantized Estimator as a function of samples compared to the Plug-In

Estimator, makes quantization a powerful strategy for integrating massive tissues.
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2.5.3 POT Alignment Outperforms ICP and CPD

Finally, we compare our method to the ICP and CPD algorithms for spatial inte-

gration under increasingly challenging spatial distortions. As before, we sample 2000

points from a single tissue slice and divide them between two artificial point clouds.

For each alignment task, we “tear” one tissue, and progressively remove larger and

larger sections, minimizing the overlap between slices. The small number of points

sampled was chosen to amplify the effect of the reduced overlap. We then randomly

rotate and shift the torn tissue, and apply ICP, CPD, and our method to perform

point set registration and recover the optimal transformation parameters that reverse

the random transformation. We compare our algorithm with robust implementations

of ICP and CPD. The ICP implementation [22] includes RANSAC for outlier de-

tection, and the CPD implementation uses a Bayesian density adaptive strategy to

compensate for severe density variations [58]. While the number of points is small

enough for full gradient POT optimization, we employ Quantized gradient descent

fixed at 500 iterations to more accurately reflect the speed considerations encountered

in real tissue alignment.

The results presented in Figure 2.5 (a) demonstrate that while the performances

of ICP and CPD rapidly deteriorate, our method is robust to challenging artefacts.

As the degree of overlap decreases, the MSE between the normalized ground truth

tissue and the final transformation increases exponentially for both CPD and ICP.

In contrast, the MSE for our method increases linearly, and outpeforms both CPD

and ICP on all overlap conditions. To understand this behavior, Figure 2.5 b) shows

the final alignments for tissues with a 60% overlap. While the starting position of

the moving point cloud (orange) is not shown, ICP simply moves the moving point

cloud from its original, unaligned position to the closest points in the (blue) static

point cloud. This behavior is due its assumption of nearest-neighbor correspondence.

CPD performs slightly better, but the probabilistic correspondence generated us-
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a) b)

Figure 2.5: Methods Comparison. a) We compare the alignment quality between
ICP, CPD, and our method (OT) under increasingly smaller overlaps. As before, the
MSE is computed between the final position of the normalized moving point cloud
and its normalized ground truth position. b) Alignment quality for a 60% overlap.
The orange cells represent the moving point cloud.

ing Expectation-Maximization attempts to maximize the correspondence across all

points, and converges to a failed solution that effectively aligns the centers of the point

clouds. In contrast, our method of aligning tissues using partial Optimal Transport

allows for the transportation of fractional mass between distributions, thus allowing

for partial registration. While our alignment is imperfect, due to the slow optimiza-

tion induced by the Quantized gradient which which has not converged after 500

iterations, it is the only method that successfully identifies the correct overlapping

regions.

2.6 Conclusion

In this chapter, we introduced a computational method for integrating multiple spatial

measurements, by applying quantized partial optimal transport alignment to point set

registration. Our method enables the analysis of diverse cell types across large tissues,

by automatically aligning multiplex measurements taken from tissues stained with
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different markers and affected by spatial deformations induced by sample collection.

To scale our method to WSIs with hundreds of thousands of cells, we introduced

a quantized estimator for the POT distance that operates with a fraction of the

original cost. We benchmark our spatial integration method against state of the art

algorithms, and demonstrate our method’s improved robustness to rips, tears, and

other challenging spatial distortions commonly present in multiplex datasets. In this

chapter we have focused on evaluation, and as such have mainly demonstrated our

method on small, synthetic datasets where ground truth alignments are known. In

Chapter 4, we will apply our method to a dataset of mouse tissues profiled with

multiplex IHC, and align massive tissues consisting of hundreds of thousands of cells.
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Chapter 3

Characterizing Cell

Microenvironments with Graph

Optimal Transport

3.1 Introduction

Cell microenvironments are complex biological systems comprising diverse, co-localized,

and interacting cell types. Increasingly, microenvironments are recognized as cru-

cial components in governing immune response, tumor progression, and tissue func-

tion [39, 28, 86]. Advancements in multiplexed imaging technology along with the

widespread adoption of standardized, automated image pre-processing technologies,

have enabled the observation of cellular microenvironments within their native spatial

context [72, 44, 102, 62, 61]. Although these technologies provide rich, highly resolved

information, analysis of the resulting spatial data poses new challenges. In particu-

lar, how to identify microenvironments from multiplex images and characterize their

relevance to tissue architectures and/or diseases are important open questions.

Several strategies exist for the identification of distinct microenvironments. One
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method is to apply techniques from single cell transcriptomics. These techniques

typically employ unsupervised clustering of high-dimensional molecular expression

data to identify enriched marker genes within clusters that can be annotated and

queried for biological interpretation using curated biomedical ontologies (GO, KEGG)

[63, 23, 50]. Unfortunately, these methods cannot account for spatial information, and

are not ideally suited for multiplex proteomics data, which have far fewer markers

than transcriptomic technologies. Another promising strategy is machine learning,

which frames microenvironment identification as a graph or image classification prob-

lem [120, 66, 99, 36]. While effective in supervised settings, these methods require

massive quantities of labeled data or otherwise annotated information which may not

be present in most domains of interest, where the biological ground truth is unknown

and is itself the object of discovery. Feature engineering with spatial statistics is

another approach. These methods involve computing statistical descriptors for differ-

ent spatial features or quantities of interest (e.g. attraction, exclusion, mixing etc.).

Unfortunately, these methods are difficult to analytically parameterize for complex

microenvironments with diverse cell types and, at present, are limited to correlations

between pairs of cell types [80, 15, 14].

In this chapter, we introduce a computational strategy for the unsupervised char-

acterization of cell microenvironments relying on statistical distance metrics. Our

method accounts for both spatial and cell type information by applying graph opti-

mal transport to labeled spatial graphs. To the best of our knowledge, our method

is the first application of graph optimal transport to microenvironment characteriza-

tion. We evaluate our methods on real and synthetic datasets, and demonstrate their

utility in mapping tissue architectures and identifying disease relevant microenviron-

ments. On synthetic data, we demonstrate that our algorithm can discern changes in

both cell type composition and spatial organization within cell microenvironments.

On healthy lung tissues profiled by multiplex IMC, our method identifies spatially
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varying microenvironments that map to distinct functions within complex tissue ar-

chitectures, and directly correspond with pathologist annotations. On CODEX pro-

filed Head Neck Squamous Cell Carcinoma (HNSCC) tumors, our method identifies

disease-relevant microenvironments that are highly predictive of patient outcome.

We benchmark our algorithm against informative baselines, as well as state of the art

competitive algorithms.

3.2 Related Work

In its simplest form, a microenvironment can be described as a group of cells of

one or more cell types, organized in a certain spatial pattern. Together these two

dimensions, cell type and spatial organization, provide rich insights into the cell-

cell interactions and signalling that drive tissue architectures and disease specific

environments. Thus, the computational paradigm by which these two sources of

information are integrated and analyzed is a crucial algorithmic design choice in

microenvironment characterization. In this section, we introduce two state-of-the-

art algorithms with unique approaches: Spatial Latent Dirichlet Allocation (Spatial

LDA) [21], and Unsupervised Tissue Architecture Discovery with Graphs (UTAG)

[53].

3.2.1 Spatial LDA

3.2.1.1 Summary

Spatial LDA is directly inspired by Latent Dirichlet Allocation (LDA), a popular

probabilistic model originally designed for natural language processing [12]. Spatial

LDA assumes that cell microenvironments are invariant to the local organization

of cells, as any pair of cells within a small neighborhood can directly communicate

with each other using diffusive signalling molecules. Using this approximation, cell
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microenvironments can be described as a “bag of cells”, which counts the abundances

of each cell type within a fixed radius from a center cell, and encodes this information

as a fixed length, normalized frequency vector. A tissue is then a collection of different

“bags”, and can be described a distribution of microenvironments. An LDA model

attempts to parameterize this distribution and learn its latent factors or “topics”.

These “topics” are viewed as “canonical” or idealized microenvironments, and each

cell microenvironment can be described as a mixture of topics.

3.2.1.2 Method

LDA models tissues as distributions of microenvironments, which are themselves rep-

resented by distributions of latent topics, where each topic is a distribution of cell

types. More precisely, a tissue D comprises M microenvironments w, consisting of

N cells, each of which is associated with a topic z. There are K unique topics (user

defined parameter), and V unique cell types. Each topic is defined by its preference

for particular cell types, and is described by a Multinomial distribution. The pref-

erences of all unique topics across all unique cell types is captured by the matrix

β ∈ RK×V
≥0 . The distribution of topics is given by the vector θ ∈ R1×K , which is

drawn from a Dirichlet prior parameterized by α ∈ R1×K . Together, α, β are parame-

ters that describe the distribution and types of microenvironments present in a tissue

respectively, and must be learned.

In this model, the joint distribution of all the microenvironments in a tissue can

be expressed as follows.

p(D|α, β) =
M∏
d=1

∫
p(θd|α)

(
Nd∏
n=1

∑
zdn

p(zdn|θd)p(wdn|zdn, β)

)
dθdn (3.1)

Microenvironments are characterized by their topic mixture, which can be obtained

by computing the posterior likelihood of observing a particular topic given the com-
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position observation.

p(θ|w, α, β) = p(θ, w|α, β)
p(w|α, β)

=
p(θ|α)

∏N
i=1 p(zn|θ)p(wn|zn, β)∫

p(θ|α)
(∏N

i=1

∑
zn
p(zn|θ)p(wn|zn, β)

)
dθ

(3.2)

The task of applying spatial LDA to a tissue involves (i) constructing microenvi-

ronments w by calculating the relative abundance of every cell type within radius R

of the center cell, over all center cells (ii) fitting an LDA model by optimizing for α, β

that maximize the likelihood of Equation 3.1 over all the collected microenvironments,

(iii) assigning topic probabilities to individual microenvironments by solving Equation

3.2. Unfortunately, computing steps (ii) and (iii) involves an analytically intractable

integral, and thus exact inference is not possible. In practice, both equations can be

approximately solved through Variational Inference, which iteratively maximizes the

Evidence Based Lower Bound. This optimization problem is highly non-convex and

difficult to solve, and scales poorly with increasing numbers of microenvironments

[12].

3.2.1.3 Analysis

Spatial LDA is a complex algorithm with many unique characteristics. Since it re-

quires a discrete vocabulary of possible cell types, Spatial LDA cannot account for

continuous expression values, and can only be applied to tissues post cell-type assign-

ment. However, Spatial LDA characterizes each microenvironment as a mixture of

topics, allowing users to visualize environmental gradients across tissues rather than

arbitarily distinct spatial domains. Unfortunately, the number of topics must be pre-

selected, and adding or removing a topic requires the entire model to be retrained.

Since learning a new Spatial LDA model requires solving a non-convex Variational

Inference optimization problem, this computational bottleneck prevents users from

quickly fitting new models and observing microenvironment subtypes at differing lev-
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els of granularity.

3.2.2 UTAG

3.2.2.1 Summary

Instead of assuming that communication within a microenvironment is diffusive,

UTAG describes interactions as directed between neighboring cells. In this setting,

neighbors are not determined by a fixed radius, but instead by the k-closest cells to

a center cell. This structure can be modeled as an Sk star graph, with the center

cell as the center node, and its k neighbors forming the leaves. To avoid extraneous

neighbors, edges can also be thresholded by absolute physical distance. Within this

star graph, nodes representing cells are endowed with feature vectors, which are either

“one-hot” vectors denoting cell type, or else continuous vectors representing marker

intensity (e.g. protein abundance). Communication between cells is then modeled

by passing node information across edges and summing in a process called “message

passing”, to create spatially aggregated features.

3.2.2.2 Method

Formally, given a cell x described by d features (either one-hot for cell type, or

continuous for marker intensity), x ∈ Rd, the spatially aggregated feature vector

y ∈ Rk constructed by message passing is defined as

y = x+
k∑

i=1

xi (3.3)

where {x}ki=1 ∈ Rd are the features of the k nearest neighbors of x. The microen-

vironment centered around cell x is then represented by the vector y, its spatially

aggregated feature vector.

Message passing is scalable to large tissues. Consider a tissue with n cells and d
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features per cell (either markers or unique cell types). To compute message passing

efficiently over all n cells, Equation 3.3 can be rewritten as a graph diffusion operator

by vectorizing over all cell positions and features. Let A ∈ Rn×n be the unweighted

adjacency matrix of a (possibly thresholded) k Nearest Neighbors spatial graph con-

structed from the n cell center positions, and X ∈ Rn×d the cell feature matrix. Then

the spatially aggregated feature matrix Y over all cells is simply given by the inner

product

Y = AX ∈ Rn×d (3.4)

This inner product is efficient to compute, and the main computational bottleneck

in the UTAG algorithm is the cost of storing the adjacency matrix, which grows

quadratically with the number of cells in the tissue, though this can be remedied

through matrix partitioning.

From this spatially aggregated feature matrix, individual microenvironments are

grouped into canonical or representative niches by Leiden clustering [111]. The Leiden

method is a network community detection algorithm that finds groups of nodes, or

communities, that have a greater number of edges within the community relative to

edges crossing outside, through an iterative optimization process termed modularity

maximization. To convert the spatially aggregated feature matrix Y ∈ Rn×d into

a network, a distance matrix D is computed by comparing the spatially aggregated

features between every pair of microenvironments,

D ∈ Rn×n, s.t. Dij = ∥Yi −Yj∥22 (3.5)

From this distance matrix, a k-Nearest Neighbors graph is constructed by repre-

senting every microenvironment as a node, and connecting it to its k most similar

microenvironments as determined by D. This network is then passed into the Leiden
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community detection algorithm, which then assigns a community (cluster) to every

node (microenvironment).

3.2.2.3 Analysis

The UTAG algorithm offers an intriguing contrast with Spatial LDA. Unlike Spatial

LDA, UTAG’s messsage passing method for constructing spatially aggregated fea-

tures is compatible with continuous expression values, and thus applicable to tissues

both pre and post cell type assignment. UTAG is also computationally inexpensive,

by replacing the naive definition of message passing with a vectorized graph diffusion

operator, the spatially aggregated feature matrix (Equation 3.4) can be quickly com-

puted even for massive tissues. Furthermore, the Leiden clustering algorithm does

not required a predetermined number of clusters, but does accept a resolution pa-

rameter that allows users to control the granularity of the clusters provided. While

the Leiden algorithm can be slow for extremely large networks, Equation 3.4 does not

need to be recomputed in order to re-cluster microenvironments, allowing users to

compute features over large tissues once, and then cluster at different resolutions as

needed. However, regardless of resolution, Leiden clustering can only return discrete

cluster assignments. While Spatial LDA represents microenvironments as topic mix-

tures that can be interpreted as environmental gradients, UTAG’s microenvironment

clusters only allow for the characterization of discrete spatial domains.

3.3 Characterizing Microenvironments with Graph

Optimal Transport

In this section, we introduce a computational strategy for the unsupervised character-

ization of cell microenvironments relying on optimal transport. Our contributions are

organized as follows: (i) we first introduce a mathematical paradigm for describing
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microenvironments using graphs, (ii) we then describe a method for comparing mi-

croenvironments, and explicitly quantifying their similarity using optimal transport,

and (iii) we explain how to interpret these comparisons, and relate them to biological

applications of interest. Altogether, these methods provide a general framework for

the identification of microenvironments from multiplexed images, and the analysis

of their role in tissue architectures as well as disease; the framework is summarized

in Figure 3.1. In addition, we provide a comprehensive comparison between the

paradigms, limitations, and strategies employed by our method, Spatial LDA, and

UTAG in Table 3.1.

3.3.1 Microenvironments as Spatial Graphs

Unlike Spatial LDA, we do not assume that all pairs of cells within a microenvi-

ronment can communicate with equal ease or likelihood. Unlike UTAG, we do not

restrict communication to neighboring cells. Instead, we assume that cells can com-

municate with their direct neighbors and beyond, potentially across vast distances,

but the strength of these interactions, or the influence that they have on each others

behavior, is inversely proportional to their proximity.

Under this paradigm, we first construct a tissue-wide cell interaction network, and

describe microenvironments as local subnetworks of closely interacting cells from this

larger graph. The tissue graph is both a labeled and weighted spatial graph, and is

constructed as follows (Figure 3.1).

1. from the cell center positions, the 2D space is partitioned using a Voronoi tes-

selation.

2. Voronoi polygons are connected if they share a facet, forming a Delauney tri-

angulation [59].

3. Each edge is weighted by the physical distance separating cell centers, and
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Figure 3.1: Overview. (a) We first construct a weighted spatial graph from the
original cell centers using Voronoi tessellations followed by Delauney triangulations.
(b) From this tissue graph, microenvironments are defined as induced subgraphs. A
set of subgraphs can then be compared using graph optimal transport to form a dis-
tance matrix. (c) This distance matrix can clustered to group microenvironments
into canonical subtypes, which can then investigated for various biological applica-
tions, such as cell type enrichment, archetypical cell organization, or spatial domain
mapping.
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removed if is larger than some maximum radius.

4. Each node is endowed with a feature vector representing either cell type (one-hot

vector) or marker expression (continuous)

The resulting graph can be interpreted as an interaction graph, with edges connecting

cells that are likely to be interacting based on proximity and blocking (e.g. no edge

will cut ”through” another cell), and the weight of the edge inversely encoding the

strength of this interaction (e.g. distance). From this tissue-wide interaction network,

a microenvironment can be described as a concentrated subnetwork of strong, local

interactions, and is constructed as an induced subgraph around a center node.

This approach has the following advantages. Firstly, choosing to model microen-

vironments with a graph based paradigm allows us to capture relevant biological

information without a prohibitively large set of descriptors. That is, the number

of equivalent multicellular patterns generated by translation, rotation, or mirroring

is vast, but since graphs are invariant to such group actions, we can capture all of

these equivalent patterns with a single microenvironment. Secondly, describing tissue

organization as a weighted and planar graph, allows us to capture varying degrees

of interaction. In the tissue interaction network, cells are connected to other cells

even across vast regions. However, their degree of communication or influence on

each other is directly related to the number and weight of the edges in the shortest

path connecting them. Lastly, our microenvironments are flexible in size, allowing us

to capture the density of the underlying tissue. While all UTAG microenvironments

have k neighbors, and all Spatial LDA microenvironments are frequency normalized

bags-of-cells, a subgraph in a dense region of tissue will have more nodes and edges,

whereas a subgraph in a sparser region will contain fewer cells and sparse interactions,

or even only a single cell. Together, these advantages offer a powerful way of describ-

ing microenvironments with both cell type and spatial information, while respecting

their role in overall tissue organization.

58



3.3.2 Comparing Microenvironments with the Fused Gromov-

Wasserstein Distance

Under the model introduced in the previous section, a microenvironment can be de-

scribed as a labeled graph with weighted edges. Thus, comparing two microenviron-

ments is equivalent to quantifying the similarity, or computing the distance between

labeled graphs. Quantifying graph similarity is a common problem in network sci-

ence, and most approaches for this task try to convert a labeled graph into a fixed

length vector, termed its embedding, which can then be compared with other graph

embeddings using ℓp distance metrics or statistical tests [16]. These embeddings can

be learned with machine learning algorithms (e.g. Graph Neural Networks), explicitly

constructed through network summary statistics (e.g. clustering coefficient, diame-

ter etc), or defined using spectral or topographical descriptors (e.g. graph Laplacian

spectrum, random walk dynamics) [19].

Unfortunately, each of these strategies suffer from limitations that restrict their

applicability to our setting of microenvironment characterization. In order to learn

an embedding, GNNs must optimize some objective function that quantifies how

accurately embedding distances reflect similarities in the original graphs. This results

in a circular problem, and most GNNs replace a direct notation of distance with some

kind of external objective, for example by comparing how well embeddings can be

used to separate graphs into different classes defined by human annotation [121].

This supervised requirement cannot be met for microenvironment characterization,

since the role or class of a given microenvironment is unknown and the object of

discovery. While network summary statistics are selected and defined independently

of external labels, this approach is not robust as similar statistics do not guarantee

similar network structures [85, 103]. Conversely, spectral methods [127, 40] that

compare the spectrum between graph adjacency or Laplacian matrices suffer from

abnormal sensitivity, as small changes in network structure can radically alter the

59



spectrum [103]. Diffusion methods [112] compare the dynamics of random walks along

each graph and are more robust, however neither spectral nor diffusion methods can

account for node attributes, and instead focus solely on network structure. This is a

severe limitation, as these methods will not be able to account for cell type.

In our method, we circumvent these limitations and directly compute distances

between labeled graphs without supervision using graph optimal transport, and in

particular the Fused Gromov-Wasserstein Distance metric [108]. While there may be

other applications of optimal transport to graphs, in this work we will use Graph

Optimal Transport (Graph-OT), Fused Gromov-Wasserstein (FGW) Distance, and

Fused Gromov-Wasserstein Optimal Transport (FGW-OT) interchangeably unless

otherwise stated.

In FGW, graphs are considered as probability measures. The probability measure

space of a graph G is described by the triplet (X,A, µ). Here X = {xi}ni=1 ∈ Rn×d

represents the set of n nodes, each described by d features. A ∈ Rn×n
≥0 is a square

matrix that describes the structure or topology of a graph, and µ ∈ Rn describes a

probability vector over the nodes. Let two graphs G1,G2 be differently sized graphs

with n,m nodes respectively, described by feature, structure, and probability triplets

(X,A, µ), (Y,B, ν). The FGW distance computes the distance between G1,G2 by

finding a soft coupling between the nodes of G1 and G2 that minimizes the distance

between their features, while simultaneously preserving their relative distances to

other nodes within their respective graphs. Namely,

FGW(G1,G2) := min
π∈Π(µ,ν)

∑
i,j,k,l

(1− α)c(xi,yj) + α∥Aik −Bjl∥2πijπkl

Π(µ, ν) = {π ∈ Rn×m
≥0 |π1m = µ, πT1n = ν} (3.6)

here c : Rd × Rd → R≥0 is a metric cost function that quantifies the dissimilarity

between node features, and α ∈ [0, 1] is a scalar parameter that controls the balance
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between node and structure information.

The formulation in Equation 3.6 provides an extension to the field of network

science by extending network comparisons to labeled graphs, i.e. networks with node

attributes, by applying a transportation or “assignment” based strategy for comparing

networks. This strategy tries to find a probabilistic assignment between nodes that

minimizes their feature distances, as well as their respective “relationships” within

their graphs. When α = 0 or when the networks have the exact same topology but

different features, the FGW distance is equivalent to a (soft) assignment problem that

tries to match nodes with similar features. Conversely, when α = 1 or when all node

features are identical, FGW tries to match nodes that have similar intra-graph rela-

tionships, and reduces to measuring how far two networks are from being isometric.

More precisely, given node ai ∈ G1, and node bj ∈ G2, their respective intra-graph “re-

lationships” can be summarized as {d(ai, ak ̸=i), ∀ak ∈ G1} and {d(bj, bl ̸=j), ∀bl ∈ G2}

respectively, where d(., .) is defined as either shortest path distance or adjacency. This

comparison of the pairwise node distances within graphs bears resemblance to ran-

dom walk or graph diffusion methods. FGW differs from these methods by including

an optimal assignment problem that tries to find the optimal coupling between nodes

so that this difference is minimized. Overall, the key characteristics of the FGW dis-

tance that differentiate this method from other strategies are (i) the introduction of

an assignment or optimal transportation problem, and (ii) the combination of feature

and structure information to enable an extension to labeled graphs.

This formulation enjoys several properties consistent with optimal transport the-

ory. First, if G1,G2 are isometric, then the transportation matrix π is a square permu-

tation matrix representing a bijection between the nodes of G1,G2, and the FGW cost

is precisely 0. Secondly, the FGW distance is symmetric. The distance FGW(G1,G2)

is identical to FGW(G2,G1), since the optimal transportation matrix π for one dis-

tance is the transpose of the other. Strictly speaking, FGW does not satisfy the
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triangle inequality for all choices of c. However, it can be proved that FGW satisfies

the relaxed triangle inequality, meaning that the FGW distance between any pair of

graphs in a triplet is upper bounded by a constant scaling of the sum of the distances

between the other two pairs. Thus, FGW defines a semi-metric on the space of labeled

graphs.

The probability measures µ, ν encode the relative importance between nodes

within a graph, and the α parameter allows the FGW distance to interpolate be-

tween a purely structural comparison and a purely feature based comparison. In

practice, most implementations of the FGW distance define the (node) feature dis-

tance metric c as a 2-Wasserstein distance, choose µ, ν to be uniform distributions

µ = 1
n
1n, ν = 1

m
1m over the nodes, and set α = 0.5 to be a perfectly balanced trade-

off between structure and node features. Unless otherwise stated, our methods also

use the above parameters. While more optimal parameter choices are perhaps pos-

sible through external knowledge or brute force parameter tuning, in practice, such

knowledge is unlikely to be available beforehand, and most likely highly specific to the

underlying graphs. As such, we elect to employ these “standard” parameter choices

so as to benchmark the performance of our algorithms in their most generalizable

configuration.

Solving the the FGW distance (Equation 3.6) involves a quadratic optimization

problem with respect to the coupling or transportation matrix π. If the 2-Wasserstein

distance is applied as the feature cost function, it can be shown that the complexity

of this problem can be reduced from O(m2n2) to O(mn2+nm2) [84, 83]. In this case,

Equation 3.6 is equivalent to finding optimal transportation plan π∗

π∗ = argmin
pi∈Π(µ,ν)

vec(π)TQ(α)vec(π) + vec(D(α))Tvec(π) (3.7)

where Q = −2α(A ⊗ B) and D(α) = (1 − α)C(X,Y). For clarity, ⊗ denotes the
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Kronecker product, vec a column stacking operator, and C(X,Y) a pairwise distance

matrix of Wasserstein distances between nodes feature pairs in G1,G2. The gradient

that arises from Equation 3.7 can be expressed with the following partial derivative

with respect to π,

G = (1− α)C(X,Y) + 2αL(A,B)⊗ π

where L(A,B) is a 4-dimensional tensor that measures the similarity between all

pairwise distances within each graph,

L(A,B)i,j,k,l = ∥Aik −Bjl∥

From the gradient in 3.7, the Quadratic Program 3.6 can be solved iteratively using

conditional gradient descent. The full algorithm can be found in [108].

3.3.3 Analyzing Microenvironments with Graph-OT Distances

In the previous two sections, we outlined a method for describing microenvrionments

as spatial graphs, and a method for comparing two microenvironments by computing

the similarity between their graphs using the Fused Gromov-Wasserstein distance.

Given these two methods, we can analyze microenvironments with a variety of strate-

gies.

Clustering: To identify microenvironment clusters, we first compute a pairwise

distance matrix between microenvironments using the FGW distance. Namely, given

a set of microenvironments {G}ni=1, we construct a pairwise distance matrix D such

that

D ∈ Rn×n
≥0 , Dij = FGW(Gi,Gj) (3.8)
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From this distance matrix, microenvironment clusters can be found by partitioning

D such that the within cluster distances are minimized, while the between cluster

distances are maximized. This procedure can be implemented using any standard

clustering algorithm, such as Heirachical clustering, Spectral Clustering, or even K-

means and DBSCAN after dimensionality reduction (see next section) [123]. In gen-

eral, computing the FGW distance over n2 possible pairs of microenvironments is

computationally intensive. To increase the efficiency of this step, we note that since

FGW is a semi-distance metric between labeled graphs, only
n(n− 1)

2
comparisons

are required due to symmetry and non-negativity properties. Furthermore, we can

also compute D in parallel.

Dimensionality Reduction: While clustering algorithms provide rigid parti-

tions of microenvironments into different sets, appropriate visualizations can high-

light gradients and mixtures between different groups of microenvironments. Strictly

speaking, the distance matrix can be directly visualized with a simple heatmap. How-

ever, this visualization is unlikely to be informative, as the user must permute the

rows and columns to find clusters. A more effective strategy is to employ dimensional-

ity reduction to embed D into a 2 or 3-dimensional space, allowing users to visualize

separations and groups. Dimensionality reduction algorithms such as UMAP [68]

or Multi-Dimensional Scaling [70] try to find a set of n points in euclidean space,

X ∈ Rn×{2,3}, such that the Euclidean distance between any pair of points is approx-

imately equivalent (e.g. monotonically correlated) to the original distance found in

the distance matrix.

∥Xi −Xj∥2 ≈ Dij = FGW(Gi,Gj)

The matrix X is termed an embedding, and beyond visualization, these embeddings

can also be fed into clustering algorithms for further analysis.
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Spatial Analysis: After clustering, microenvironments can be mapped back to

their original spatial locations to observe different spatial domains or tissue architec-

tures. This allows researchers to observe changes in cellular organization and com-

position across large tissues, and to highlight the different functionality of different

regions.

Median Microenvironment Identification: To analyze the most common or

average structure of microenvironments belonging to a particular cluster, we can use

the FGW distance to compute a so-called “median” subgraph. Let Sc = {G}mi=1 be

the set of m microenvironments in cluster c. Then, the median of Sc is the subgraph

that minimizes the following.

Gi = argmin
i

m∑
j=1

FGW(Gi,Gj) (3.9)

This median subgraph allows researchers to visualize ”common” or ”standard” mi-

croenvironments that epitomize certain niches.

Cell Type Enrichment: To analyze microenvironment specific cell type in-

teractions or abundances, we can calculate cell type enrichment scores. Briefly, an

enrichment score measures how “over” or “under” represented a certain cell type is in

a microenvironment cluster compared to a uniform distribution. Let {G}Ni=1 denote

a set of microenvironments partitioned into M disjoint clusters {S}Mj=1. The number

of cells in microenvironment Gi is denoted by |Gi|, while the number of microenvi-

ronments in cluster Sj is denoted by |Sj|. We will use I(.) to denote an indicator

function, i.e. I(.) returns 1 if the argument is true, and 0 otherwise.

The “proportion” of cell type k in microenvironment Gi is given by

prop(k,Gi) =
1

|Gi|
∑
c∈Gi

I(cell type(c) = k) (3.10)

The “composition” of cell type k in microenvironment cluster Sj is defined as the
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average proportion of k across all the microenvironments in cluster Sj.

comp(k,Sj) =
1

|Sj|
∑
Gi∈Sj

prop(k,Gi) (3.11)

The “global composition” of cell type k is defined as the the average proportion

of k across all microenvironments.

global comp(k) =
1

N

N∑
i=1

prop(k,Gi) (3.12)

Then, the enrichment of cell type k in cluster Sj is the logfold change between the

microenvironment cluster composition and the global composition.

enrichment(k,Sj) = log2

(
comp(k,Sj)

global comp(k)

)
(3.13)

The proportion metric (Equation 3.10) is a straightforward measure of a particular

cell type’s abundance in a microenvironment, and the composition metric (Equation

3.11) is a simple generalization to multiple microenvironments assigned to the same

cluster. Unfortunately, both metrics are heavily skewed towards populous cell types,

making it difficult to comprehend the interactions and behavior of less abundant cell

types. Cell enrichment scores counter these deficiencies. An enrichment score of

0 implies that the proportion of a particular cell type within that cluster is exactly

equivalent to the proportion obtained if that cell type was evenly distributed across all

clusters. In contrast, large positive and negative enrichment scores imply that clusters

are significantly concentrated or depleted for certain cell types. Unlike proportion or

composition metrics, an enrichment score is unbiased to cell type population.

Cell Interactions: By combining spatial analysis with cell enrichment scores,

we can determine environment specific, multi-cell interactions. Within a microenvi-

ronment cluster, we can compare enrichment scores across cell types to determine

66



multi-cell interactions. For example, a group of cell types that are simultaneously

enriched indicate that group co-localization, and imply recruitment or activation. In

contrast, if some cell types are highly enriched while others are highly depleted, this

indicates segregation or exclusion. Importantly, these relationships can be inferred

jointly across all cell types, and are not restricted to pairwise interactions. Further-

more, these relationships are specific to a subset or cluster of microenvironments, and

may change from cluster to cluster. Since microenvironment clusters can be mapped

back to their original spatial locations, these cell relationships are specific to distinct

spatial domains or regions within a larger tissue architecture.

Condition Specific Microenvironments: The distance matrix D can be con-

structed from any set of n microenvironment subgraphs. Thus, these microenviron-

ments do not need to come from the same tissue graph, and can be sampled from

different tissues corresponding to different treatments or conditions. After clustering

D, the microenvironment clusters may contain a mixture of microenvironments from

tissues spanning different conditions, or else be entirely concentrated from a single

condition. To assess the condition specificity of a microenvironment cluster, one can

utilize a pairwise X 2 test. This statistical test compares the actual proportion of

microenvironments within a cluster associated with a specific condition to the pro-

portion that would be expected from a random distribution across all conditions,

while taking into account the original condition abundances.

3.4 Results

3.4.1 Graph-OT quantifies changes in microenvironment or-

ganization and composition

We hypothesize that the function of a microenvironment is a product of its cell type

composition and its spatial organization. As such, our strategy of describing microen-
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Spatial LDA UTAG Graph-OT

Micro-
environment
Paradigm

Diffusive signalling.
”Bag-of-cells” model.
Frequency normalized
cell counts within
fixed radius r from
center cell.

Directed
communication. Node
information from
k-nearest neighbors of
center cell.

Proximity based
communication. Node
information from
k-hops on a weighted
spatial graph from
center cell.

Statistical
Model

Latent Dirichlet
Allocation.
Probabilistic
modeling of cell type
distributions.

Message Passing /
Graph Diffusion.
Spatial feature
aggregation between
nodes.

Optimal Transport
(Fused Gromov
Wasserstein distance)
between graphs.

Information
Accepted

Discrete cell types
only. Cannot use
markers.

Discrete cell types
and continuous
markers. Neighbor
information only
(simple graph).

Discrete cell types,
continuous markers,
continuous or discrete
distances between
cells (weighted spatial
graph).

Micro-
environment
Characteriza-
tion

Continuous topic
mixtures from LDA
model. Must
prespecify number of
clusters (topics).

Discrete clusters
using Leiden
Clustering. Does not
accept prespecified
number of clusters.

Any clustering
method, continuous
distance between any
pair of micro
environments.
Accepts, but does not
require prespecified
number of clusters.

Comput-
ational Cost

High. Requires
retraining if the
number of clusters
(topics) is changed.

Low. Fit once,
recluster at any
resolution.

High initial cost
(computing distance
matrix). Fit once,
recluster at any
resolution.

Table 3.1: Comparison of Microenvironment Characterization Algorithms
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vironments as labeled subnetworks of local interactions, and comparing them using

graph optimal transport, is carefully designed to capture and quantify both spatial or-

ganization and cell type information. In contrast, Spatial LDA’s ”bag-of-cells” model

cannot distinguish between different arrangements of cells, and approximates cell

communication as a diffusive mechanism that allows all possible pairs of cells within

a fixed radius to interact equally. While UTAG incorporates some spatial information

through message passing, all UTAG microenvironments share the same Sk star graph

structure. This does not imply that either method is incapable of microenvironment

analysis; in real tissues, cell type composition and spatial organization are likely to

be correlated, so the approximations used by UTAG and Spatial LDA can still be

effective. However, we believe that their approximations of spatial organization are

not as effective as our explicit treatment of spatial organization using weighted inter-

action graphs and graph optimal transport in capturing the rich cell-cell interactions

that drive microenvironment function.

In this section, we use simulated microenvironments to demonstrate that our

methods can characterize microenvironments based on their cell type composition

and their spatial organization, even in cases where these two characteristics are not

correlated. Our simulated microenvironments contain only two cell types: Gray Cells

and Green Cells. Microenvironments can have high proportions of Green cells, or

low proportions of Green cells. Within these microenvironments, Grey cells and

Green cells can either be highly interacting, or exclusionary. We term these two axes

of variation as “Composition” and “Interaction”, and together they generate four

possible states (High/Low Composition combined with High/Low Interaction). We

show that our method of describing microenvironments as subgraphs and comparing

them with graph optimal transport can detect changes in spatial organization even

under fixed cell type compositions, and vice versa.

Specifically, a simulated microenvironment consists of N ∼ Poisson(λ) cells, where
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λ = 30. Cell positions are generated by fixing a center cell around the origin, and

sampling N−1 locations from a standard multivariate random normal. For each cell,

cell types are drawn from Binomial(p), with p = 2
3
denoting a high Green composi-

tion, and p = 1
3
a low Green composition. Highly interacting microenvironments are

generated by randomly assigning cells to be either Green or Grey while respecting

their proportions, while low interaction (exclusionary) environments are generated by

selecting the nearest neighbors of the center cell (always Green) to be Green, up to

the total number of Green cells.

To quantify if our methods can accurately characterize microenvironments, we

generate 100 microenvironments, with the first 50 sampled from one state, and the last

50 from another. We then compute a 100×100 pairwise distance matrix between every

pair of microenvironments. If our method is capable of differentiating between the

two states, we would expect that distances between microenvironments sampled from

different states will be larger than distances between microenvironments sampled from

the same state. These properties can be observed in the distance matrix. Methods

that can detect changes between states will exhibit a block anti-diagonal matrix

structure, with high values concentrated in blocks crossing different microenvironment

states. In contrast, methods that are unable to detect changes will exhibit uniform

or randomly distributed distance matrices.

In Figure 3.2, we demonstrate that our method can detect changes in both in-

teraction and composition. In Figure 3.2 (a) and (b), we show the case where cell

composition changes while spatial organization is fixed, and in 3.2 (c) and (d), spa-

tial organization changes while cell composition is fixed. In both cases, the Graph

Optimal Transport distance matrices exhibit the desired block anti-diagonal struc-

ture indicative of accurate state change detection. To avoid confounding results, we

omit the correlated case where both cell composition and spatial organization change.

Beyond simply detecting changes, we confirm that our characterizations are directly
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Optimal Transport (FGW) Composition (%) Interaction (ANND)
Composition

Interaction

High

HighLow

Low

a) b)

c) d)

D
istance

High

Low

Figure 3.2: Microenvironment Simulation. (a) Microenvironment subgraphs
from High and Low Green cell compositions with fixed, exclusionary Interactions.
(b) Graph Optimal Transport between microenvironments correctly distinguishes be-
tween states, as exhibited in the block anti-diagonal distance matrix structure, and
confirmed by the Composition distance matrix. The Average Nearest Neighbor Dis-
tance (ANND) statistic is not designed to detect changes in composition, and as
such displays a randomized structure. (c) Microenvironment subgraphs with High
and Low Green-Grey cell Interactions under fixed, High Green cell Composition. (d)
Once again, Graph Optimal Transport between microenvironments correctly distin-
guishes between states as confirmed by the ANND matrix. Because the composition
is fixed, the composition distance matrix is uniform.

related to the axes of variation (e.g. composition and interaction) by verifying with

statistics specifically designed to detect changes in composition or interactions. In

particular, we compare the distances calculated under Graph Optimal Transport with

the Euclidean difference between normalized cell frequency vectors, and the Average

Nearest Neighbor Distance from Green to Grey Cells. Both statistics corroborate

the changes detected under our method, and this experiment demonstrates that our

approach is capable of characterizing microenvironments across spatial organization

and cell type composition.
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3.4.2 Graph-OT Microenvironments Reveal Tissue Architec-

tures in the Healthy Human Lung

We next apply our methods to a publically available dataset of healthy human lung

tissues. [91]. 18 higly multiplexed IMC tissues each containing approximately 1000−

2000 cells were sectioned from three donor patients, and profiled with 28 different

markers assigned to 7 different cell types. Importantly, each tissue was annotated

by trained pathologists into four distinct anatomical domains: airways, airway walls,

alveolar space, and vessels. The human lung is a highly compartmentalized organ, in

which different spatial domains perform different functions. Airways carry air in and

out of the lungs, and are surrounded by an airway wall, that expands and contracts

during inhalation and exhalation. The alveolar space acts as a bridge between airway

walls and blood vessels and is responsible for gas exchange, shuttling oxygen from the

airway walls to blood vessels, while removing carbon dioxide [118]. In this experiment,

we evaluate if our methods can identify distinct microenvironments that map to these

spatial domains, and compare our predictions to pathologist annotations.

We construct our microenvironments using the workflow outlined in Figure 3.1.

For each tissue, we construct a tissue wide interaction network, and extract a k-hop

microenvironment subgraph centered around each cell. We then compare these mi-

croenvironments using Graph Optimal Transport, and construct a pairwise distance

matrix (see Equations 3.6, 3.8). After experimentation, we chose a value of k = 3 for

computational efficiency, striking a balance between microenvironment size (roughly

40 cells) and manageable computation time for the distance matrix (10−15 minutes).

After computing the distance matrix, we cluster our microenvironments and apply

spatial domain mapping, and compare with the pathologist’s annotations. In princi-

ple, any clustering algorithm can be used, but in order to facilitate comparison with

the UTAG algorithm, we employ the Leiden clustering method. This standardization

allows us to attribute differences in performance between UTAG and our approach to
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the quality of the microenvironment representations, rather than the quality of the

clustering algorithm.

In Figure 3.3 (a), we observe that the spatial domains generated by graph op-

timal transport are similar to pathologist annotations, and in some cases may be

more granular. For example, in the tissue shown in the top left corner, our method

identifies airway microenvironments that follow the folds of epithelial cells, while the

pathologist annotation delineates an idealized straight boundary. In order to fur-

ther analyze the function of these microenvironments, we compute cell enrichment

scores (Equation 3.13) for each microenvironment across all n = 18 tissues, as shown

in Figure 3.3 (c). We observe that Vessel and Airway Walls have highly enriched

smooth muscle populations, while the Alveolar Space and Airway are respectively

depleted. This observation is consistent with the physiological requirements of Air-

way Walls and Blood Vessels, as they must expand and contract during inhalation

and exhalation. We also observe that the Alveolar Space includes a balanced mix-

ture of endothelial and epithelial cells. These cell types are responsible for diffusion,

secretion, and macro-molecule transportation, and are necessary for gas exchange

[118, 91]. Together, these results provide compelling evidence that the microenviron-

ments identified through our method align accurately with the spatial domains iden-

tified by pathologist annotations and recover relevant physiological functions. These

outcomes demonstrate the utility of our methods in mapping tissue architectures and

discerning microenvironment function.

We compare our method’s performance with UTAG and Spatial LDA. As men-

tioned previously, to compare against UTAG we standardize the clustering step to

use the Leiden algorithm. Recall that UTAG constructs a k Nearest Neighbor Graph

to pass into Leiden clustering by computing pairwsie Euclidean distances between

spatially aggregated features. By contrast, in our method, we directly employ the

Graph Optimal Transport distance matrix. To select k and the resolution parameter,
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Cell Types Expert Labels      FGW-OT Cell Types Expert Labels      FGW-OTa)

d) e)

b) c)

Labels

Cell types

Figure 3.3: Mapping Human Lung Tissue Architecture from multiplex IMC
data. (a) comparison between pathologist annotations and spatially mapped, graph-
OT microenvironments. (b) Comparing spatial domain predictions from graph-OT
and state-of-the-art methods for a single tissue. Cell type enrichment of graph-OT
microenvironments over n = 18 tissues. Benchmark comparisons over n = 18 tissues
evaluated by (d) accuracy and (e) homogeneity scores. Significance bars indicate
p < 0.001 as computed by a Bonferroni corrected two-sided Mann Whitney U Test.
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we use the values provided in the original UTAG publication. Spatial LDA does not

require a clustering step, and instead defines microenvironments as a mixture of top-

ics. Therefore, we fix the number of LDA topics to be equal to the number of domains

in the tissue. While our method and UTAG can be applied directly to the marker

information, Spatial LDA requires cell type assignment. To prevent a biased compar-

ison, we elect to use only cell type information for all three methods. For UTAG and

our method, this means that node features are one-hot vectors that encode cell types.

UTAG and Spatial LDA also have parameters controlling the size of the microenvi-

ronments profiled. Standardizing microenvironment size is fairly difficult across all

three algorithms, since each uses a different size metric: our method defines microen-

vironments as three-hop subgraphs in our weighted interaction networks, UTAG uses

k-neighbors for its message passing star-graph, and Spatial LDA uses a fixed radius

r denoting the maximum diffusion of local cell signalling for a bag-of-cells. We en-

deavour to achieve a fair comparison by fixing the UTAG k parameter (not to be

confused with the clustering k) to be the median size of a three-hop subgraph in our

weighted spatial graphs, and the Spatial LDA radius r to be the size for which the

distributions of microenvironment sizes (number of cells) are most similar.

To evaluate performance, we compare each method with the pathologist annota-

tions, using Accuracy and Homogeneity [90] scores. The Accuracy score measures

the direct correspondence between pathologist and predicted labels, with 0 indicating

perfect disagreement and 1 perfect agreement. For Spatial LDA, UTAG, and our

method, the predicted labels are generated by constructing a correspondence matrix

between clusters/topics and pathologist labels, and assigning each cluster to its most

likely label. Formally, given a cluster C and a set of labels L, the predicted label is

given by

Lpred = argmax
Li

p(Li|C)
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The Homogeneity metric measures how uniquely a cluster maps to a label, without

penalizing the detection of more granular sublabels. As such, it does not require

a label mapping step and operates on the original clusters/topics. Formally, the

homogeneity score h is given by

h = 1− H(L|C)

H(L)

where H(L|C) is the conditional entropy of the labels given the cluster assignment.

Intuitively, if multiple clusters correspond to a single label, the homogeneity score is

high, since the conditional entropy is low. In contrast, if a single cluster corresponds

to multiple labels, the conditional entropy is high and the homogeneity score will be

minimized. A homogeneity score of 1 indicates that each cluster maps to exactly

1 label, while a score of 0 means that each cluster maps to every label completely

randomly.

As a baseline comparison, we calculate the same metrics using two simple null

models: the Random Baseline and the Cell Baseline models:

• The Random Baseline model is a location null model. Every unique cell location

is assigned a spatial domain label according to the frequency of that domain in

the overall tissue.

• The Cell Baseline model is cell type null model, where each cell type is randomly

assigned to a spatial domain label according to the label prevalence.

While the Random Baseline can and will map similar cell types to different spatial

labels, the Cell Baseline ensures a cohesive labeling within cell types. Together,

these baselines evaluate the benefit of characterizing microenvironments as opposed

to simply relying on individual cells.

In Figure 3.3 (b), we show the different spatial domains predicted by each method

(UTAG, Spatial LDA, and ours) along with the baselines, when they are applied to a
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single tissue, and list the accuracy and homogeneity scores. As expected, the random

baseline shows no spatial cohesion, since every cell location is randomly assigned to

a label. The Cell baseline offers a little more structure, particularly for the Vessel

domain. This is likely due to the relative homogeneity of this domain. As shown

in Figure 3.3 (c), Vessels are highly enriched for smooth muscle cells, and relatively

depleted for most other cell types. This lack of spatial cohesion is reflected in the

Spatial LDA and UTAG predictions. While both methods accurately resolve some

spatial domains, such as Vessels and, to some degree, the Airway, they fail to accu-

rately model more complex microenvironments, in particularly the Alveolar Space.

As previously discussed, the Alveolar Space is a highly diverse compartment, with

many cell types and a complex structure designed for gas exchange. As such, it is

difficult for Spatial LDA and UTAG to model with their simplified approximations

of spatial organization. In contrast, our strategy provides a spatially coherent pre-

dictions, and most closely matches the Expert labels. These visual observations are

confirmed by the homogeneity and accuracy scores.

We compare each of the five methods (UTAG, Spatial LDA, and ours, Random

Baseline, Cell Type Baseline) across all n = 18 tissues, and compute their accuracy

and homogeneity scores (Figure 3.3 (d,e)). Our method significantly outperforms

both baseline methods, as well as UTAG and Spatial LDA across both accuracy and

homogeneity. We confirm this using a two-sided Mann-Whitney U-Test with a Bon-

ferroni multiple comparison p-value correction. As expected, the Random Baseline

achieves an Accuracy roughly equal to the most prevalent spatial domain, which is

consistent with the generation of those random labels. Since each “cluster” will map

completely randomly to each label, the corresponding homogeneity scores will be 0.

This baseline is easily outperformed by all other methods. In contrast, we note that

the performances of UTAG and Spatial LDA are similar to the performance of the Cell

Type Baseline, and surpassed by our method (p < 10−5). This provides compelling
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evidence for our previous hypothesis that microenvironment function is derived from

cell type composition as well as spatial organization. Since spatial organization and

cell type performance are likely to be correlated in highly structured tissues, UTAG

and Spatial LDA’s approximations of spatial organization will still provide useful

microenvironment characterizations. However, our explicit treatment of spatial orga-

nization using weighted interaction graphs and graph optimal transport, allows us to

derive a more complete characterization of microenvironment structure and function.

3.4.3 Graph-OT microenvironments are generalizable, and

predictive of patient outcome in HNSCC

In this section, we demonstrate that our methods can uncover microenvironments

that are highly relevant to disease and patient prognosis on a dataset of CODEX

profiled Head Neck Squamous Cell Carcinoma (HNSCC) Tissues [30]. This dataset

contains 19 CODEX images of HNSCC tumor tissues containing 1000 − 2000 cells,

each from a different patient. Each tissue was profiled with 39 markers assigned to

16 different cell types, and sampled from tumors removed during surgical resection.

After a median period of five-years, each patient’s status was updated into one of

several categories: ‘NED’ = ‘no evidence of disease’, ‘DOD’ = ‘died of disease’, ‘DOC’

= ‘died of complications’, and ‘AWD’ = ’alive with disease’. For simplicity, we

condensed these categories into two labels: “NED”, indicating complete remission,

and “non-NED”, indicating recurrence or death. Of the n = 19 patients, 9 had NED

outcomes and 10 non-NED. We randomly stratified the dataset into a training and

a testing group, ntrain = 9, ntest = 10 with 5 non-NED patients in each group. In

this experiment, we used the training group to identify microenvironments relevant to

disease outcome. We then evaluated whether these microenvironments were predictive

of patient outcome (NED vs non-NED) on the testing set.

We construct our microenvironments in largely the same fashion as for the lung
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dataset, following the workflow outlined in Figure 3.1, and define a microenvironment

to be a k = 3 hop subgraph on the tissue interaction network. However, instead of

constructing a distance matrix per tissue, we construct a patient to patient distance

matrix that compares all microenvironments across and within patients. As before,

to facilitate comparison with UTAG, we cluster this distance matrix with the Leiden

method using the resolution and k parameters outlined in the original UTAG publi-

cation. The resulting clusters contain microenvironments originating from different

patients. Some clusters are heavily enriched with microenvironments from non-NED

patients or vice versa, while others contain a much more balanced mixture. We use

pairwise X 2 tests to determine the statistical significance of this enrichment with

a Bonferroni multiple comparison p-value correction. This statistical test compares

the proportion of microenvironments within the cluster originating from non-NED

patients, to the proportion expected from a random distribution while taking into ac-

count the overall abundance of non-NED microenvironments, and vice versa. We view

these significantly enriched microenvironments as “biomarkers” for their respective

conditions.

Once a biomarker is obtained, it can be easily applied to new patients by observing

how similar their microenvironments are to the biomarker. We can quantify this using

a similarity score s ∈ [0, 1], where 1 indicates a perfectly similar microenvironment,

and 0 a perfectly disimilar microenvironment. Given a biomarker G∗ from the training

set and a microenvironment Gi from a new patient, its similarity score s is given by

s =
1

FGW(G∗,Gi) + 1
(3.14)

Intuitively, the similarity between biomarkers is the inverse of their Graph Optimal
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Transport distance.

lim
FGW(G∗,Gi)→0

s =
1

0 + 1
= 1

lim
FGW(G∗,Gi)→+∞

s =
1

∞+ 1
= 0

By applying Equation 3.14 to a set of microenvironments sampled across a tissue,

we can analyze the spatial prevalence of a given biomarker across any patient’s tissue

architecture.

In Figure 3.4 (a) we show a sample CODEX image from an unseen patient in the

testing set. In this image, we observe a tumor front located in the top left region

of the image, surrounded by an immune-stroma microenvironment in the center and

bottom right. We extract the most heavily enriched NED and non-NED clusters

from the training set as determined by the Bonferroni corrected pairwise X 2 tests,

and compute the median microenvironment of each cluster using Equation 3.9 to

produce the networks depicted in Figure 3.4 (b). We observe that the non-NED

biomarker is heavily enriched with tumor cell types, while the NED biomarker is

more diverse, being composed of a mix of immune and stromal cells. We also note

that the structure of the non-NED biomarker is very densely packed, containing a

total of 39 tumor cells, with each tumor cell is strongly interacting with multiple other

tumor cells to form a tightly connected network. In contrast, the NED biomarker is

far less dense, containing only 20 cells, and shows mixed and sparse interactions.

Using the similarity score outlined in Equation 3.14, we “convolve” these biomarkers

across all microenvironments from the unseen patient, and compute spatial similarity

maps. These similarity maps correspond to the tumor front and immune-stromal

microenvironments observed in the original image, and reflect similarities in both cell

composition and structure. The compact, tumor rich non-NED biomarker is highly

prevalent in the dense tumor front, while the sparse, immune-stromal NED biomarker
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Figure 3.4: Identifying clinically relevant microenvironments in HNSCC tu-
mors. In biomarker discovery, microenvironments are characterized and associated
with NED or non-NED outcomes on labeled patients. Given tissue from an unseen pa-
tient (a), similarity scores are computed between biomarkers and microenvironments
(b). These scores are aggregated and used as features for a logistic regression classi-
fier, with performance evaluated in (c). In (d), classifier weights are used to isolate
the contribution of each microenvironment cluster to the overall patient prognosis.
Cell enrichment profiles are provided to summarize microenvironment cluster compo-
sitions. The weights associated with the red triangle and blue pentagon biomarkers
indicate that their presence strongly contributes to non-NED and NED prognosis re-
spectively. 81



is highly prevalent in the less dense surrounding stromal space.

In order to evaluate the clinical relevance of our biomarkers, we can use them to

predict patient outcomes on the test set. Given a CODEX image from a test patient

and a training set biomarker, we compute the similarity score between the biomarker

and microenvironment across all possible microenvironments extracted from the test

tissue as shown in Figure 3.4 (b). From this distribution of similarity scores, we

compute the average and use it as a single feature. By repeating this process across

all the biomarkers obtained from the training set, we construct a feature vector for the

test patient. Each entry in this vector represents the average similarity, or prevalence,

of a particular biomarker in the patient. The vector can then be passed into any

classification algorithm to produce a predicted risk score, which can then be compared

with the patient’s true clinical outcome.

We compare our method’s performance against UTAG and Spatial LDA, and

benchmark the clinical relevance of our respective microenvironments by comparing

patient prediction performance as measured by the Area Under the Receiver Oper-

ating Characteristic (AUROC) score. An AUROC score of 1 indicates perfect clas-

sification ability, 0.5 is that of a random classifier, and 0 is of a perfectly incorrect

classifier. While any classification algorithm can be used, we elect to use a simple

Logistic Regression model for its interpretability. To quantify the added information

gained by microenvironment characterization, we use tissue composition as a base-

line comparison. In this baseline, the feature vector describing a patient is a vector

containing the (normalized) abundance of every cell type in the tissue.

As before, in order to facilitate comparison, we select the radius and number of

neighbors parameters in Spatial LDA and UTAG to achieve the most similar distri-

bution of microenvironment sizes, and elect to use only cell type information. For

UTAG and our method, we use Leiden clustering with the default parameters from

the UTAG publication. For Spatial LDA, we set the number of topics to be the
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median number of clusters generated by our method. Since Spatial LDA does not

produce discrete topics, and neither Spatial LDA nor UTAG can generate median

microenvironments like our method, we omit the selection of biomarkers based on X 2

enrichment tests, and the computation of similiarty scores using the median microen-

vironment. Instead, we use all produced clusters and compute the average similarity

score against all microenvironments within a cluster. For Spatial LDA, we fit a model

on the training tissues and produce topic mixtures. We infer testing tissue topic mix-

tures with the same model without retraining. For each patient, the average topic

mixture is computed across all of its microenvironments to form a single feature vec-

tor. For UTAG, we generate a spatially aggregated feature matrix on the training

tissues and cluster. We then compute the average cosine similarity between spatially

aggregated features within a training cluster to spatially aggregated features on the

testing tissues. The average cosine similarity between all the microenvironments in

a testing patient and all the microenvironments within a training cluster is used as

a single entry, and the average similarities across all clusters forms a feature vector.

For our method, we apply the same procedure as UTAG, but replace cosine similarity

with the similarity scores as defined previously in Equation 3.14.

We train a Logistic Regression Classifier on the training features, and evaluate

on the testing features. To estimate the variance of each method’s performance, we

construct leave-one-out training and testing sets. More precisely, the first training is

constructed using microenvironments extracted from patients {1, 2, · · · 8}, the second

from patients {1, 2 · · · , 7, 9}, and so on to generate 9 unique training sets. After

fitting a classifier to a given training set, we produce n = 10 prediction scores. We

first calculate the AUROC using true and predicted labels {1, 2 · · · 9}, then with

{1, 2 · · · , 8, 10} and so on to produce 10 unique testing scores. Combined, this allows

us to estimate the average and variance of the AUROC over n = 90 scores. The

leave-one-out procedure on the training set allows us to learn biomarkers without the
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influence of the removed patient, while the leave-one-out procedure on the testing set

allows us to evaluate test performance without the influence of the removed patient.

Together, these procedures limit the influence of outliers, and allow us to construct a

more accurate evaluation of performance while estimating its variability.

Using this procedure, we computed the AUROC scores using each method and

present the results in Figure 3.4 (c). We observe that our method significantly outper-

forms the tissue composition baseline and Spatial LDA. While our performance does

not suprass UTAG to the same extent, we confirm its advantage using a two-sided

Mann-Whitney U-Test with a Bonferroni multiple comparison p-value correction. As

expected, the median accuracy of the Composition baseline is better than that of

a random classifier (AUROC = 0.5), since tumor cell prevalence and immune den-

sity are likely correlated with patient outcome. However, we can clearly observe

that microenvironment characterization provides additional insight beyond cell count

summaries. For our model, combining cell type and spatial organization to charac-

terize disease-specific microenvironments leads to almost 20% AUROC improvement

in prediction performance.

Beyond prediction accuracy, we can also examine the microenvironment biomark-

ers to determine what characteristics are indicative of patient prognosis. While this is

possible using the pairwise X 2 tests introduced earlier, we can use the weights in our

Logistic Regression model to confirm our insights. A Logistic Regression Classifier

produces predictions with the following model,

p(y = 1) =
1

1 + exp(−(β0 + β1x1 + β2 + x2 + · · · βpxp))

Here β1, · · · βp are the weights that correspond to features x1, · · ·xp, while β0 is the

intercept. Using the law of total probability and exponentiation properties, we can
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rewrite this as an odds ratio,

p(y = 1)

1− p(y = 1)
=

p(y = 1)

p(y = 0)
= exp(β0 + β1x1 + β2 + x2 + · · · βpxp)

In this formulation, we can see that increasing xi increases the relative likelihood of

predicting y = 1 by a factor of exp(βi). In our model, y = 1 indicates a non-NED

or negative patient outcome, and xi represents the average similarity of a tissue to

microenvironment biomarker Gi. Thus, βi indicates the relative impact of biomarker

Gi towards a negative patient outcome.

We perform cell enrichment on every microenvironment cluster using the method

outlined in Equation 3.13, and sort the microenvironments in increasingly positive

patient prediction as determined by the Logistic Regression Classifier weights. In Fig-

ure 3.4 (d), we observe a range of microenvironment enrichment profiles and a range

of weights. Most weights are near 0, and indicate that these microenvironments are

not indicative of NED or non-NED outcomes; they can be viewed as neutral. How-

ever, some microenvironments are associated with positive and negative weights of

large magnitudes, indicating that they are extremely potent indicators of non-NED

or NED patient outcomes respectively. We observe that the weights for negative

patient outcomes are associated with microenvironments that have severe immune

depletion and tumor enrichment. For example, the microenvironment cluster most

strongly associated with a negative outcome (indicated by the red triangle marker in

Figure 3.4 (d)) has an approximately three-fold log enrichment for Tumor cells, and

five-fold log depletion for Lymph Vessels, Naive Immune cells, and B-cells. In con-

trast, the microenvironment cluster most strongly associated with a positive outcome

(indicated by the blue pentagon marker in Figure 3.4 (d)) has five-fold log deple-

tion of Tumor Cells, and three-fold enrichment of Macrophages, Granulocytes, CD4

T cells, and Antigen Presenting Cells (APCs). These findings are consistent with
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clinical knowledge of HNSCC and immune response to tumor progression [2, 10]. In

addition, these two clusters in particular are exactly the microenvironments shown in

Figure 3.4 (b) previously, that were found using pairwise X 2 tests. Together, these

results offer compelling evidence that the biomarkers identified through our method

are useful in discerning biologically meaningful functions with clinical relevance.

While our results are highly promising, we caution that their significance is con-

strained by the limited HNSCC patient cohort size (n = 19). In addition, CODEX

data was only collected from tumor microarray cores sourced from the larger tu-

mor tissues removed during patient surgery [30]. If possible, our methods should

be further validated on a larger HNSCC patient cohort, and using multiplex data

measured from larger portion of the tumor tissue to better evaluate the prognostic

signal generated by cell microenvironment analysis. Furthermore, careful attention

should be dedicated to addressing potentially confounding factors, such as Human

Papillomavirus (HPV) infection [1], and tobacco or alcohol use [43]. These factors

should be used to stratify training and testing cohorts, to quantify the information

gained by including cell microenvironment analysis in addition to broader risk factors.

An interesting complementary experiment would be to repeat the preceding analysis

and predict risk factor status (HPV/alcohol/tobacco) instead of outcome, in order to

determine if certain risk factors induce changes in or are associated with certain cell

microenvironments.

3.5 Conclusion and Discussion

In this chapter, we introduced a computational framework for characterizing cell mi-

croenvironments from multiplex images. Our contributions are threefold. First, we

have introduced a representation of microenvironments that captures cell-cell inter-

actions using weighted spatial graphs. Secondly, we described a statistical metric for
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comparing microenvironments that accounts for cell type information as well as spa-

tial organization with Graph Optimal Transport. Thirdly, we demonstrated how these

comparisons can be used to characterize microenvironments through clustering, di-

mensionality reduction, cell enrichment, spatial domain mapping, median microenvi-

ronment identification, and condition specificity. Together, these contributions define

a generalized, flexible framework for identifying and describing microenvironments.

We evaluated our method on real and synthetic datasets, and benchmarked its

performance against two state-of-the-art algorithms, UTAG and Spatial LDA, as well

as informative baselines. Using synthetic data, we demonstrated that our method

could characterize microenvironments across both spatial organization and cell type

composition. On a dataset of annotated lung tissues, we identified unique microenvi-

ronments that mapped to distinct spatial domains in the lung tissue architecture. On

HNSCC tissues, we identified disease relevant microenvironments that were highly

predictive of patient outcome. On each dataset, we outperformed both the relevant

baselines as well as UTAG and Spatial LDA. In the next chapter, we apply mi-

croenvironment characterization in conjunction with the spatial integration methods

introduced earlier on a novel dataset of mouse tissues.
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Chapter 4

Case Study: Microenvironment

Remodeling of Colorectal Cancer

through TGF-β Inhibition

4.1 Introduction

In this chapter, we present a case study that showcases the practical application of

our spatial integration and microenvironment characterization methods on a novel

dataset of mouse colorectal cancer tissues profiled with multiplex IHC. Colorectal

cancer (CRC) is a leading cause of cancer-related deaths; in the UK, it is the fourth

highest in incidence, but the second in mortality [98]. Despite its prevalence, around

75 - 95% of CRC cases occur in people with little to no genetic risk [25]. Instead,

studies have shown that microenvironment remodeling is linked to CRC progression

and prognosis [48], and in recent years, advancements in multiplex imaging have

allowed researchers to profile and identify cell neighborhoods and spatial domains

closely associated with distinct patient outcomes [96]. Thus, understanding the in-

terplay between cell microenvironments, spatial organization, and tissue function is
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an increasingly important and clinically relevant task for improving CRC treatment.

In this case study, we focus on the role of Transforming Growth Factor β (TGF-

β). In healthy cells, the TGF-β signalling pathway plays a critical role in regulating

tissue development, proliferation, differentiation, and apoptosis, and is a known tumor

suppressor [31]. However, in CRC, the role of TGF-β is more complex and context

dependent. Early CRC progression is marked by dysregulated TGF-β signalling,

which causes the proliferation rate of epithelial cells to increase. In late CRC stages,

TGF-β acts as a tumor promoter and induces metastasis, which is known as the

TGF-β paradox [106]. In this stage, TGF-β is known to promote the activation of

cancer associated fibroblasts (CAFs) and suppress immune function [47, 92]. The

relationship between TFG-β and CAFs is complex and bidirectional; CAFs are both

activated by and secrete TGF-β [104]. Thus, TGF-β plays an important yet complex

role in shaping CRC tumor microenvironments.

In this case study, we investigate the role of TGF-β in late stage CRC by analyzing

a novel dataset of n = 10 mouse CRC tissues profiled with multiplex IHC. Half of

the samples were treated with a TGF-β inhibitor, and half left untreated. Using our

quantized-POT spatial integration algorithm, we aligned adjacent WSI tissue slices

stained with optimized marker panels for immune and CAF populations, allowing

for a joint analysis of 16 different cell types across massive tissues each comprising

of hundreds of thousands of cells. Finally, using our graph-OT microenvironment

characterization methods, we identified distinct cell microenvironments with unique

cell enrichment compositions and spatial domains that were correlated to TGF-β

inhibition.
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Figure 4.1: Experimental Outline. Tumor organoids from an AKPT mouse model
of CRC were orthotopically implanted into n = 10 mice, half of which were treated
with a TFG-β inhibitor. Adjacent tissue slices were resected and stained with IHC
markers for fibroblast and immune cell populations, and subsequently imaged and
preprocessed (cell segmentation and type assignment). Following data acquisition, we
applied our algorithms for spatial integration and microenvironment characterization.
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4.2 Methods

Tumor organoids sourced from a mouse with Apc, Kras, Trp53, and TGF-β (AKPT)

alterations were used as a model for CRC. These alterations model the classic route

to late stage CRC, which is marked by the consecutive dysregulation of tumor sup-

pressor genes (Apc, Trp53, TGF-β) and activation of oncogenes (Kras) [115, 48]. The

organoids were orthotopically implanted into n = 10 mice. n = 5 mice were orally

dosed with ALK5 inhibitors, and the others were left untreated. ALK5 (Activin

Receptor-Like Kinase 5) is a receptor responsible for transmitting TGF-β signals into

the cell, and by blocking ALK5, TGF-β signalling is inhibited [109]. The mice were

then sacrificed, and two adjacent tissue slices were resected from each mouse. A to-

tal of 12 markers were applied across two immunohistochemistry panels. One tissue

slice was stained with an immunohistochemistry panel for profiling CAF populations,

including markers such as PDGFRA, CD74, pSMAD3, SMA, and pSTAT3. The sec-

ond slice was stained with an immunohistochemistry panel for profiling immune and

tumor populations, and included markers such as CD4, CD8, FoxP3, and E-cadherin.

Both tissues were then treated with DAPI (nuclear marker), and imaged using the

Vectra Polaris system (Akoya Biosciences). Cell locations and types were extracted

from each multichannel WSI by biologists using HALO (Indica Labs) software (Figure

4.1, Appendix A.3).

4.3 Results

4.3.1 Spatial Integration of Immune and Fibroblast Panels

As previously mentioned, TGF-β signalling has complex interactions with tumor cells,

CAFs, and immune cells. Thus, CRC microenvironments contain diverse cell popu-

lations [96]. While it is possible to profile tissue sections with high-plex technologies
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Figure 4.2: Spatial Integration of Immune and Fibroblast Panels. Tissues
from two mice are shown, with tissues stained with immune markers in blue, and
fibroblast markers shown in orange. Their positions and orientations pre and post
integration are shown. Note that tears and holes are present that are not shared
across slices.

such as CODEX or IMC, these technologies are only able to measure protein ex-

pression over very small areas, typically only containing a few thousand cells [102].

In this case study, we are interested in characterizing the CRC microenvironments

over diverse cell types, and also over global tissue architectures. As such, multiplex

IHC imaging was applied to two adjacent tissue slices, allowing for the identification

of immune, tumor, and CAF populations over massive WSIs. In order to perform

a joint analysis over these diverse cell types and spatial regions, we turn to spatial

integration.

The mean and median tissue sizes were 192, 589.25 and 162, 306.5 cells respec-

tively, with the largest slice containing 500, 345 cells and the smallest 35, 815. The

size of these tissues renders full POT optimization computationally difficult, and we

elected to employ our quantized optimization method. Instead of fixing the number of

iterations, we performed quantized optimization until the transformation parameters

converged e.g. ∥Θ(k+1) − Θ(k)∥2 ≤ 10−4. On average, this procedure took approxi-
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mately 1000− 3000 iterations, or equivalently, 5− 10 minutes per alignment.

While the true alignment positions are unknown, based on our past experiments

(see Figure 2.2), we anticipate: (i) that the POT loss is highly correlated (Spearman

ρ ≥ 0.9) with the mean squared error from the optimal alignment, and (ii) the quan-

tized gradient, though a stochastic approximation of the true gradient, minimizes this

loss in the limit as the number of iterations increases (Figure 2.4). Since our gradient

descent optimization algorithm is guaranteed to reduce the POT loss, a convergence

in transformation parameters is a necessary (but not sufficient) condition for success-

ful alignment. A notable exception to this case is if the POT loss converges to a local

rather than global minimum. To prevent this, we rerun each alignment 5 times with

varying initialization parameters, and observe the final results for consistency. For all

tissues, our method produces reasonable alignments, even when multiple holes and

tears are present (see Figure 4.2).

4.3.2 Graph Optimal Transport Identifies Highly Stable Mi-

croenvironment Clusters

After spatial integration, each tissue contains approximately 100, 000 cells assigned to

16 unique cell types. To identify and characterize cell microenvironments, we convert

each tissue into a spatial interaction network using the procedure outlined in Section

3.3.1. From each tissue, we randomly sample 1000 cell microenvironments defined

as three-hop local subgraphs, with a median size of 40 cells per microenvironment.

This tissue-stratified sampling process allows us to control for the contribution of

each tissue in the microenvironment characterization process. Since the largest tissue

(post-integration) contains more than 800, 000 cells, and is more than ten times larger

than the smallest, which contains fewer than 70, 000 cells, this process prevents more

populated tissues from dominating our findings. From this collection of 10, 000 unique

microenvironments, we compute a graph optimal transport distance matrix using the
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Figure 4.3: Cluster Stability Analysis. (a) By randomly removing microenviron-
ments across and within tissues, we can estimate cluster stability by reclustering on
the perturbed datasets. (b) Using an intra-cluster variance curve, we can identify the
optimal clustering resolution by selecting the ”knee point”. The graph shown is for
cluster selection on the full dataset. (c) On the left, UMAP visualization of microen-
vironment clusters. The bottom panel shows the probability of cluster assignment
across the resampled datasets, while the top panel shows the cluster assignment on
the full dataset. Most microenvironments are almost always uniquely assigned to a
single cluster. (d) Cluster agreement between the full and resampled datasets, com-
pared with randomized cluster assignment. Significance bars were calculated using a
two-sided Mann-Whitney U Test. (e) Average microenvironment cluster composition
across all resampled datasets, with error bars indicating a 95% confidence interval.
Microenvironment clusters have small variance and show distinct patterns of cell com-
position.
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procedure defined in Equation 3.8. We then cluster the results using the Leiden

Method.

To determine the optimal number of clusters, and to evaluate the robustness of

our resulting clusters, we employ the clustering stability strategy introduced by [60],

outlined in Figure 4.3 (a). From our original N = 104 observations, we randomly

removed 10%, or 1, 000 samples, and recluster on the remaining observations, and

repeat this process 100 times. This “resampling” process extends the leave-one-

out evaulation method introduced in Section 3.4.3 to estimate prediction variance in

HNSCC patient outcomes. Unlike leave-one-out evaluation, which removes a single

patient’s microenvironments, randomly removing observations occurs both across and

within tissues. Since our tissues are sourced from genetically identical AKPT tumor

organoids, inter-sample (i.e. mouse) heterogeneity is less severe. However, since

each WSI is an order of magnitude larger than previously analyzed tissue patches,

intra-sample, or spatial heterogeneity plays a much greater role. By removing 1000

observations, or the equivalent of a stratified sample from a single mouse, across and

within tissues, we can estimate inter as well as intra-sample variance.

We first use the resampled observations to estimate the optimal Ledien resolution

parameter for clustering. For each of the 100 resampling iterations, we cluster the

corresponding Graph-OT distance matrix using the Leiden Method with a resolution

parameter varying from 0.1 to 1.0 with a step size of 0.1. This analyzes microenvi-

ronment clusters at varying granularity, from a minimum of 1 cluster to a maximum

of 11. At each resolution, we compute the average intra-cluster variance which is

defined as the within cluster sum of squares [55], and apply the “knee point method”

to select the optimal clustering resolution. The “knee point method” is a popular

heuristic that selects the optimal clustering resolution as the “point of diminishing

returns”, i.e. the point at which adding a new cluster only marginally reduces the

intra-cluster variance [105, 32]. To calculate the “knee-point” in the resolution vs
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intra-cluster variance curve, we select the resolution that has the greatest absolute

second derivative. In Figure 4.3 (b), the curve and corresponding knee point are

shown for the clustering of the original, “full” dataset of N = 104 observations. The

optimal clustering resolution parameter is 0.2 and yields 3 clusters.

To estimate the robustness of this approach, we compare the agreement between

the clusters obtained on the “full” dataset and the clusters obtained on each of the

100 resampled datasets. Since each resampled dataset contains 1000 fewer microen-

vironments than the full datasets, we compare clustering agreement only on microen-

vironments shared between the full and resampled dataset, and use the homogeneity

and accuracy scores introduced in Section 3.4.2. As before, computing an accuracy

score requires cluster assignment, as a fixed number of categories or labels must be

shared between the two datasets. To compute assigned clusters, we generate a cor-

respondence matrix between the clusters from the full dataset and the clusters from

the resampled dataset, and assign each resampled cluster to its most likely cluster in

the full dataset. From the assigned clusters, we compute an accuracy score, with 0.0

and 1.0 indicating perfect disagreement and agreement respectively. The homogene-

ity score does not require cluster assignment, and measures how uniquely one set of

clusters maps to the other. A homogeneity score of 1 indicates that each “resampled”

cluster maps to exactly one “full” cluster or vice versa, while a score of 0 means that

clusters map to each other randomly. Our results are summarized in Figure 4.3 (d),

and show a high degree of agreement between the resampled and full dataset clusters.

We compare this agreement to a null model of randomized clustering, which is gen-

erated by randomly assigning microenvironments to clusters based on the prevalance

of each cluster. Using a two-sided Mann-Whitney U Test, we show that the microen-

vironment clusters identified on the resampled and full datasets are not random, and

instead quantify distinct groups of microenvironments.

We can also visually observe microenvironment clusters and cluster uncertainty
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using dimensionality reduction. As described in section 3.3.3, the Graph-OT distance

matrix between microenvironments can be visualized using dimensionality reduction,

which attempts to position points in a two or three-dimensional space such that their

pairwise Euclidean distances respect the relationships encoded in the original distance

matrix. In Figure 4.3 (c), we show the UMAP visualization of the full clustering in

the far left panel, with the three clusters labeled as A,B,C, and annotated by their

respective microenvironment compositions. Each point in the UMAP visualization

represents a microenvironment. To visualize cluster uncertainty, for each microenvi-

ronment, we can compute the probability that it is placed in cluster A,B or C over

all the resampled datasets in which it was sampled. Since resampled clusters may

contain more or fewer than three clusters, these probabilities are calculated post clus-

ter assignment. This process yields the heatmaps shown in Figure 4.3 (c). The top

panel illustrates the full cluster positions on the UMAP plot, while the lower panel

illustrates the aggregated probabilities over the resampled datasets. While the mi-

croenvironments on the ”border” between clusters have slightly lower probabilities,

we can clearly see that most microenvironments are almost always uniquely assigned

to a single cluster.

Lastly, we estimate the variance in microenvironment clusters by analyzing the

average cell composition of each microenvironment cluster. For each iteration, we

perform cluster assignment to map the resampled clusters into the three full clusters

(A,B,C), and compute the average cell composition within the microenvironment

using Equation 3.11. Our results are shown in Figure 4.3 (e), where the error bars

indicate a 95% confidence interval. From this analysis, we observe that miceoenviron-

ment variability across resampling is extremely low, and that each cluster exhibits a

distinct pattern of cell type composition. Together, this provides compelling evidence

that the clusters identified with our method are clearly defined and well-separated,

revealing distinct cell microenvironments.
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4.3.3 TGF-β Remodels Tumor Microenvironments in AKPT

CRC tissues

From the stability analysis, we have confirmed that the clusters identified represent

distinct cell microenvironments. In this section, we analyze the cell types and spatial

organization of each cluster. From Figure 4.3 (e), we observe that each microenvi-

ronment cluster is characterized by a unique cell type composition. While some cell

types are very obviously localized in one cluster versus another, discerning trends in

cell types with smaller populations can be challenging. The prominence of certain

cell types overshadows the behavior of less abundant ones, making it difficult to com-

prehend their characteristics. For example, it can easily be observed that cancerous

epithilial cells (ECAD+) and immune T helper cells comprise 60% and 10% of mi-

croenvironments in cluster A, but the contributions of less prominent CAF cell types

such as PDGFRA+ STAT+ SMAD- cells are extremely difficult to discern.

To address this challenge, we elected to focus on cell enrichment rather than

absolute proportions, using the enrichment scores introduced in Section 3.3.3 and

described by Equation 3.13. Briefly, an enrichment score measures whether a cell

type is “over” or “under” populated in a particular microenvironment cluster relative

to uniform distribution over all clusters. An enrichment score of 0 implies that the

proportion of a particular cell type within that cluster is exactly equivalent to the

proportion obtained if that cell type was evenly distributed across all clusters. In

contrast, large positive and negative enrichment scores imply that clusters are signif-

icantly concentrated or depleted for certain cell types. This score allows researchers

to identify cell-cell interactions by observing which cell types are jointly or oppositely

enriched, and is unbiased to the overall population of a particular cell type. In Figure

4.4 (c), we compute the enrichment profiles for each of the three clusters, and observe

significantly divergent profiles. Cluster A is heavily enriched with tumor cell types

(e.g. ECAD+, ECAD+ STAT3+) and can be best interpreted as a tumor nest. Clus-
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Figure 4.4: TGF-β Remodels the Tumor Microenvironment Landscape. (a)
UMAP visualization of microenvironment clustering. (b) Cluster condition specificity,
significance bars are calculated using a Bonferroni corrected pairwise χ2 test. While
cluster A is not significantly enriched for either condition, B is significantly enriched
in untreated AKPT tissues, and C is significantly enriched in TGF-β inhibited AKPT
tissues. (c) Microenvironment cell enrichment profiles. We observe that each cluster
has a distinct cell enrichment profile showing unique cell-cell interactions. Using spa-
tial similarity scoring (d), we can construct discrete spatial domains (e) and observe
the change in microenvironment locations as a function of TGF-β inhibition.
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ter B is heavily enriched with different CAF cell types, as well as immune cells such as

Macrophages and Regulatory T-cells. Meanwhile, Cluster C is heavily enriched with

Neutrophils, Cytotoxic T-cells, and ECAD+ SMAD3+ cells, while relatively depleted

for all other CAFs and immune cells.

Beyond cell type characterization, we can also map microenvironment clusters

back to their locations on their original tissue to identify spatial domains. Since the

clustered microenvironments represent a stratified sample across each tissue, not every

microenvironment in a tissue will be assigned to a cluster. To identify spatial domains

across an entire tissue, we turn to the similarity scores introduced in Section 3.4.3 and

defined in Equation 3.14. Briefly, a similarity score between two microenvironments is

the inverse of their Graph Optimal Transport distance, with 1.0 indicating a distance

of 0 or perfect similarity, and 0.0 indicating infinite distance or perfect disimilarity.

By computing the similarity between all possible microenvironments in a tissue and

a microenvironment assigned to a cluster, we can determine the spatial prevalence

of that cluster across the tissue. Instead of selecting a random microenvironment

from each cluster, we select the median or “average” microenvironment as introduced

in Section 3.3.3 and defined in Equation 3.9. To obtain a more robust estimate,

we isolate a collection of 10 median subgraphs by randomly removing 10% of the

microenvironments in each cluster and determining the median on the remaining

90%, and repeating 10 times. This allows us to compute an average spatial score

across the 10 median subgraphs per cluster, for all clusters, and the resulting spatial

similarity maps are demonstrated in Figure 4.4 (d).

After computing similarity scores, each microenvironment in every tissue can be

described by a vector s ∈ R3, where each entry describes its similarity to clusters

A,B, and C respectively. While it is possible to describe the spatial domains as

a “mixture” of clusters, for ease of analysis, we assign each microenvironment to

its most similar cluster, i.e. argmaxi s. From this assignment, we can observe the
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spatial domains of each respective cluster across AKPT tissues with and without

TGF-β inhibition. The results are shown in Figure 4.4 (e), and reveal distinct spatial

architectures across conditions. In AKPT tissues, we observe that the CAF-immune

microenvironments (cluster C), are pushed towards the tissue edge and away from the

tumor nest (cluster A) and SMAD3-Neutrophils (cluster B). In AKPT tissues treated

with TGF-β inhibition, we observe that the CAF-immune microenvironments (cluster

C) infiltrate the tissue centers. In both treated and untreated tissues, we observe

that microenvironments in A and C tend to mix and intermingle while remaining

segregated from cluster B.

After observing the cell enrichment profiles and spatial domains of each cluster, we

then determine whether the clusters are more highly enriched in treated or untreated

tissues. In Figure 4.4 (b), we employ pairwise χ2 tests as introduced in Section 3.3.3

to identify condition specific microenvironment clusters. To correct for multiple hy-

pothesis testing, we employ a Bonferroni p-value correction. After observing the cell

enrichment profiles and spatial domains of each cluster, we then determine whether

the clusters are more highly enriched in treated or untreated tissues. We observe that

cluster A (tumor nest, Ecad+, Ecad+ Stat3+ enriched) is equally prevalent within

control AKPT tissues and those treated with TGF-β inhibition. In contrast, cluster B

(CAF-immune enriched) is significantly enriched in TGF-β inhibited AKPT tissues,

while cluster C (Neutrophil, Ecad+ Smad3+ enriched) is significantly enriched in un-

treated AKPT tissues. Since Smad3 is a downstream protein in the TGF-β signalling

pathway, the increased prevalence of the Smad3-enriched microenvironment (cluster

C) in non-inhibited TGF-β tissues is a biologically plausible and expected result, pro-

viding mechanistic validation for our spatial analysis. Together, these results show

that TGF-β drives the formation of unique tumor microenvironments with distinct

cell enrichment profiles and spatial domains, and that this effect can be countered

with TGF-β inhibition. While Smad3 is a protein known to directly interact with
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TGF-β, the mechanistic effect of TGF-β signalling on other cell populations is not

well understood, and the strong colocalization of Neutrophils with Smad3 active cells

in TGF-β active tissues among other associations uncovered through spatial analysis

is highly promising and warrant further investigation.

4.4 Discussion and Conclusion

In this chapter, we have provided a case study for the application of our methods

for spatial integration and microenvironment characterization. On a novel dataset

of murine AKPT CRC tissues, we integrated tissue slices stained with IHC panels

optimized for fibroblast and immune populations. Using Quantized POT Alignment,

we enabled the analysis of 16 unique cell types across large tissues with hundreds of

thousands of cells. From this data, we applied our microenvironment characteriza-

tion methods to characterize the spatial landscape of AKPT tissues with and without

TGF-β inhibition. Using Graph Optimal Transport and cluster stability metrics, we

identified three highly stable microenvironment clusters that corresponded to unique

cell enrichment profiles and spatial domains. Furthermore, we showed that two of

these clusters were condition specific, with one highly enriched in TGF-β inhibited

AKPT tissues, and the other in untreated AKPT tissues. Together, this computa-

tional analysis provides evidence that TGF-β remodels the tumor microenvironment

landscape in late stage CRC. The implications of this case study are highly intrigu-

ing and warrant further investigation. A natural extension to our work would be

to characterize microenvironments at greater clustering resolutions, to identify more

specific microenvironments. For example, while cluster B is currently highly enriched

with multiple CAF cell types and immune cells, it would be interesting to see if there

are additional CAF sub-clusters with distinct spatial or compositional profiles. This

extension could be readily implemented, since our framework allows for re-clustering
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at varying resolutions.

In future experiments, a repeated spatial analysis without consideration of Smad3

staining would allow us to better isolate the interactions between other cell states

and TGF-β signalling, as well as provide a held-out validation signal. More precisely,

it would be interesting to merge the Ecad+ and Ecad+ Smad3+ cell states and

repeat our analysis. However, rather than performing X 2 tests to identify signficant

changes in microenvironment cluster prevalance between treated (TGF-β inhibited)

and control (AKPT) tissues, we would instead “score” microenvironments clusters

by the average level of Smad3 activity in their respective microenvironments. These

“scores” would allows us to rank individual microenvironments by their level of TGF-

β activity using Smad3 as a proxy, and provide a more granular analysis rather than

relying on tissue-level cohort definitions.
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Chapter 5

Conclusion and Outlook

In this thesis, we set out to explore the complex spatial interactions between cells

that drive tissue function and disease. To do so, we developed novel computational

methods for analyzing highly multiplexed spatial proteomics data. Multiplex imaging

technologies are at the forefront of modern spatial biology, and this thesis illustrates

the biological insights that can be unlocked by combining multiplex technology with

computational tools. In particular, this thesis presented two core contributions: the

enhancement of multiplexed spatial information using spatial integration, and the

analysis of this information with microenvironnment characterization. While we in-

troduce unique algorithms for these two tasks, both methods rely on and leverage

principles from Optimal Transport (OT). OT is a branch of statistics that compares

distributions by identifying the cost of the most efficient way of transporting one

distribution into another. This approach is highly flexible yet rigorous, and offers

a powerful framework for analyzing multiplexed spatial data without the need for

supervised machine learning algorithms or custom engineered spatial statistics.
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5.1 Review of Contributions

In Chapter 2, we introduced a method for integrating spatial information by framing

this task as a point set registration problem and designing an alignment algorithm

based on partial optimal transport (POT). Our method allows researchers to profile

massive tissues over diverse cell types by performing multiplex imaging on adjacent

tissue slices stained for different cell types, and analyzing the integrated spatial pro-

files. On simulated data, we showed that our method was resilient to the spatial

distortions and artefacts induced by sample collection and tissue variation commonly

encountered in multiplex datasets, and outperformed Iterative Closest Point (ICP)

and Coherent Point Drift (CPD), two state-of-the-art algorithms for point set reg-

istration. Furthermore, we introduced a statistical estimator for POT, and showed

that it allowed our method to efficiently scale to tissues with hundreds of thousands

of cells; achieving similar performance as the original formulation but at a fraction of

the cost.

In Chapter 3, we introduced a method for characterizing cell microenvironments

by framing them as labeled subgraphs, and comparing them with graph optimal

transport (graph-OT). Our methods allow researchers to uncover distinct spatial do-

mains in complex tissue architectures, discern unique patterns of cell enrichment and

spatial organization, and identify disease and condition relevant microenvironments.

We evaluated our method on synthetic data and two real-world datasets: patholo-

gist annotated lung tissues profiled by multiplex IMC, and CODEX profiled Head

Neck Squamous Cell Carcinoma (HNSCC) tumor tissues from patients with distinct

survival outcomes. On synthetic data, we showed that our method was capable of

capturing both spatial organization and cell type composition. On the lung IMC

dataset, graph-OT accurately identified spatial domains confirmed by pathologists,

and in some tissues, provided increased granularity and accuracy. On CODEX HN-

SCC tissues, graph-OT identified microenvironments that are highly predictive of pa-
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tient outcome. On both real-world datasets, graph-OT identified microenvironments

directly linked to known cell type interactions and functional tissues. We compared

our method against two state-of-the-art competitive algorithms, UTAG and Spatial

LDA, and exceeded both as well as baseline methods on all performance benchmarks.

Finally, in Chapter 4 we presented a case study of the practical application of

both our methods, and investigate the role of TGF-β in late stage CRC by analyzing

a novel dataset of n = 10 mouse CRC tissues profiled with multiplex IHC, half of

which were treated with a TGF-β inhibitor, and half left untreated. Using quantized

POT, we aligned adjacent tissue slices stained with optimized marker panels for im-

mune and CAF populations, enabling a joint analysis of 16 different cell types across

massive tissues each comprising of hundreds of thousands of cells. From this data, we

applied graph-OT and identified three highly stable microenvironment clusters that

corresponded to unique cell enrichment profiles and spatial domains. Furthermore,

we showed that two of these clusters were condition specific, with one highly enriched

in TGF-β inhibited AKPT tissues, and the other in untreated AKPT tissues. To-

gether, our computational analysis provides evidence that TGF-β remodels the tumor

microenvironment landscape in late stage CRC.

5.2 Limitations

While we have shown that our methods are highly promising, we also provide a brief

summary of their limitations. For spatial integration, a key constraint is our choice

of transformation class. In this work, we have presented results restricted to rigid

transformations. This choice was motivated by our application: the enhancement of

multiplex information by enabling the profiling diverse cell types over large tissues. In

this task, adjacent tissues slices stained with multiplex markers for different cell types

are sectioned from the same biological sample. While spatial artefacts (rips, holes,
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tears etc.) may be induced by the sample collection process, each slice will contain

approximately homogeneous anatomical characteristics, preventing the need for more

plastic deformations. This anatomical homogeneity will not be preserved for tissues

sourced from different biological samples, which is required for example in cross-

individual spatial analysis. As such, the methodology for rigid spatial integration

introduced in this thesis is limited to aligning slices sectioned from the same tissue.

For our microenvironment characterization methods, we caution that our treat-

ment of multiplex information is statistical and not mechanistic. This choice of

paradigm was driven by the limitations of multiplex technology. As the sample col-

lection process is destructive, multiplex images can only be obtained at a single time

point, which prevents the observation of continuous processes such as cell motility or

molecule transport. While it may be possible to infer cell-cell signalling from protein

markers, the diversity of possible protein panels, combined with the limited number of

protein markers per image weakens our ability to comprehensively evaluate receptor-

ligand interactions. Subsequently, our methods do not consider any biological domain

knowledge beyond the cell types and spatial coordinates included in the multiplex im-

ages. In particular, our analysis of microenvironment cell-cell interactions is derived

from spatial proximity and does not consider mechanistic communication.

5.3 Future Work

There are multiple avenues for extending our methods in new directions, or applying

them to new domains. For spatial integration, one of the most promising domains

is the comparative analysis of spatial organization across individuals. As mentioned

previously, our analysis focused on spatial integration between adjacent slices, and

employed rigid transformations to preserve anatomical homogeneity. However, when

tissue slices come from different individuals, whether patients, diseases, or even time
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points, the constraints imposed by rigid registration are no longer suitable since the

organs may differ in size and shape. In this setting, spatial integration is still possible,

as different patients will have corresponding spatial regions (e.g. brain regions from

one mouse to another), but elastic deformations are needed to generate alignments

that enable comparative analysis at matched spatial locations. This task has been in

encountered at the image level in the registration of MRI and PET images [54], but

with the advent of ever higher-resolution multiplex technologies [35, 20], will become

increasing important at the cell scale. A natural extension to our work would be to

apply our method for spatial integration with more plastic transformations, such as

diffeomorphic functions. This extension does not require any alterations to our opti-

mization procedure; we would still compute a Partial Optimal Transport Loss using a

Quantized Estimator, and minimize it using Gradient Descent. Indeed, the only mod-

ification would be the transformation function; while a rigid transformation relies on

three parameters (angle, vertical and horizontal shifts), an elastic deformation would

entail additional parameters. This generalized spatial integration procedure would

allow us to perform cross-sample spatial alignment and interrogate spatial variation

as a function of disease.

For microenvironment characterization, a further application of our methods be-

yond multiplex imaging is spatial transcriptomics. In recent years, technologies such

as SeqFISH [35] and MERFISH [20] have enabled whole transcriptomic sequencing

at single cell spatial resolution. As such, they provide a comprehensive profile of

cell state and behavior across tens of thousands of molecules, orders of magnitude

larger than what can be measured using multiplex imaging. Our methods can be

directly applied to single-cell, spatial transcriptomics data without modifications. In

this setting, we would still construct spatial tissue interaction graphs and compare

microenvironments using graph optimal transport, and the only modification would

be an increase in the dimensionality of node features (from 101 proteins to 103 genes).
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However, a more powerful extension would be to incorporate mechanistic information

derived from gene expression information. Computational tools such as CellChat

[49] and CellPhoneDB [33] are capable of inferring cell communication from single

cell, non-spatial transcriptomic data using receptor-ligand databases. We anticipate

that this extension would not require much alterations to our comparisons or analysis

between microenvironment; we would still compute Graph Optimal Transport dis-

tances, cluster distance matrices to find niches, and map them tissue locations to find

spatial domains etc. Instead, this extension would largely be focused on refining our

tissue interaction networks. Instead of defining edges between nodes through spatial

proximity, we would also need to factor in receptor-ligand cell communication. This

extended procedure would allow us to characterize microenvironments using both

statistical and mechanistic information, and provide a more complete and powerful

analysis.
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Appendix A

Additional Methods

A.1 Software Implementations

The Optimal Transport metrics used in this thesis were computed using the ”POT:

Python Optimal Transport” Python Library [38]. In particular, Partial Optimal

Transport was computed using the ot.partial.partial wasserstein2 function and

Graph Optimal Transport was computed using ot.gromov.fused gromov wasserstein2.

Leiden Clustering was applied using the leidenalg python package [110]. To bench-

mark our methods for microenvironment characterization against other methods, we

ran Spatial Latent Dirichlet Allocation (Spatial LDA) [21], and Unsupervised Tis-

sue Architecture Discovery with Graphs (UTAG) [53]. UTAG was applied from

https://github.com/ElementoLab/utag, while Spatial LDA was computed using

the tl.spatial lda function from “Scimap: Single-Cell Image Analysis Package”

[78], available at https://github.com/labsyspharm/scimap. Accuracy and homo-

geneity scores were computed using metrics.accuracy score and

metrics.homogeneity score from sklearn [82]. Uniform Manifold Approximation

and Projection for Dimension Reduction (UMAP) visualizations were implemented

using the umap-learn python package [69]
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A.2 Data Availability

The published datasets used in this thesis are publicly available at the following

repositories from their original publications:

• healthy lung IMC: https://doi.org/10.5281/zenodo.6376766

• CODEX HNSCC: https://doi.org/10.5281/zenodo.7796393

The mouse CRC dataset is unpublished, and available upon reasonable request.

A.3 Mouse Multiplexing and Image Preprocessing

Akoya Biosciences OPAL Protocol (Marlborough, MA) was employed for multiplex

immunofluorescence staining on FFPE tissue sections of 4-µm thickness. The stain-

ing was performed on the Leica BOND RXm auto-stainer (Leica Microsystems, Ger-

many). A total of six consecutive staining cycles were conducted using primary

antibody-Opal fluorophore pairs.

Fibroblast Panel: (1) PDGFRA (1:500, ab134123; Abcam)–Opal 480; (2) CD74

(1:3000, ab289885; Abcam)–Opal 570; (3) pSMAD3 (1:100, ab52903; Abcam)–Opal

520; (4) SMA (1:1000, ab5694; Abcam)–Opal 620; (5) pSTAT3 (1:400, 9145S; Cell

Signaling)–Opal 690; and (6) E-cadherin (1:500, 3195; Cell Signaling)–Opal 780.

Immune panel: (1) Ly6G (1:300, 551459; BD Pharmingen)–Opal 540; (2) CD4

(1:500, ab183685; Abcam)–Opal 520; (3) CD8 (1:800, 98941; Cell Signaling)–Opal

570; (4) CD68 (1:1200, ab125212; Abcam)–Opal 620; (5) FoxP3 (1:400, 126553; Cell

Signaling)–Opal 650; and (6) E-cadherin (1:500, 3195; Cell Signaling)–Opal 690.

The tissue sections were incubated with primary antibody for an hour, and the

BOND Polymer Refine Detection System (DS9800, Leica Biosystems, Buffalo Grove,

IL) used to detect the antibodies. Epitope Retrieval Solution 1 or 2 was applied

to retrieve the antigen for 20 min at 100°C, in accordance with the standard Leica
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protocol, thereafter each primary antibody was applied. The tissue sections were

subsequently treated with spectral DAPI (FP1490, Akoya Biosciences) for 10 minutes

and mounted with VECTASHIELD Vibrance Antifade Mounting Medium (H-1700-

10; Vector Laboratories) slides. The Vectra Polaris (Akoya Biosciences) was used

to obtain whole-slide scans and multispectral images. Batch analysis of the MSIs

from each case was performed using inForm 2.4.8 software, and the resultant batch-

analysed MSIs were combined in HALO (Indica Labs) to create a spectrally unmixed

reconstructed whole-tissue image. Cell segmentation and phenotypic density analysis

was conducted thereafter across the tissue using HALO.
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Appendix B

Additional Figures

Cell Types
Domains

Figure B.1: Graph-OT Spatial Domain Mapping of Healthy Lung Tissues For
each of the three panels, the first column indicates the cell type, the second pathologist
annotations, and the third spatial domains identified using Graph Optimal Transport.
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AKPT AKPT + TGF-β Inhibitor

Figure B.2: Spatial Integration of Mouse Fibroblast and Immune Panels
Adjacent tissues from all n = 10 mice are shown, with tissues stained with immune
markers in blue, and fibroblast markers shown in orange. Row labels indicate sample
IDs. Positions and orientations pre and post integration are shown.
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Figure B.3: Spatial Domain Mapping of Mouse CRC Tissues In each tissue, all
cell microenvironments were assigned to their most similar microenvironment cluster
using the procedure outlined in Section 4.3.3. Detailed cluster descriptions, including
cell enrichment and condition specificity, are provided in Figure 4.4.
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