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ABSTRACT

Introduction The tissue immune microenvironment

is associated with key aspects of tumor biology. The
interaction between the immune system and cancer cells
has predictive and prognostic potential across different
tumor types. Spatially resolved tissue-based technologies
allowed researchers to simultaneously quantify different
immune populations in tumor samples. However, bare
quantification fails to harness the spatial nature of
tissue-based technologies. Tumor-immune interactions
are associated with specific spatial patterns that can be
measured. In recent years, several computational tools
have been developed to increase our understanding of
these spatial patterns.

Topics covered In this review, we cover standard
techniques as well as new advances in the field of spatial
analysis of the immune microenvironment. We focused
on marker quantification, spatial intratumor heterogeneity
analysis, cell-cell spatial interaction studies and
neighborhood analyses.

INTRODUCTION

The composition of the tumor immune
microenvironment (TIME) critically deter-
mines cancer biology and can affect the
sensitivity of patients to various therapies.'
Several different cell types make up the
TIME, including lymphocytes, macrophages,
myeloid cells, dendritic cells, and neutro-
phils. Complex interactions between these
cells and neoplastic cells can influence diverse
important processes in malignant tissue,
such as malignant cell growth, angiogenesis,
metastasis, immune evasion and therapeutic
resistance.””

Single cellular and extracellular matrix
components of the TIME and their associated
spatial organization have been used to iden-
tify prognostic and predictive biomarkers.
The spatial organization of the TIME can
be defined by the spatial relationships estab-
lished between immune and cancer cells
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= The are currently several technologies that can
measure the tumor immune microenvironment with
spatial resolution. Bare quantification of immune
markers has been the standard analytical approach.
However, in recent years, analytical methods that
make use of the spatial nature of these technologies
have grown in popularity.

WHAT THIS STUDY ADDS

= This review summarizes the current state of spa-
tially resolved analytical pipelines. It describes the
principles of basic marker quantification, hetero-
geneity analysis, cell-to-cell interaction analysis
and neighborhood analysis. Examples of successful
implementation of these analytical strategies are
provided.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= The analytical pipelines reviewed in the present
work can maximize the yield of spatially resolved
technologies.

derived from their localization within tissue.
Therefore, the ability to characterize the
TIME in an analytically valid and reproduc-
ible way has been of great interest in the
field of oncology, particularly since the wide-
spread clinical use of immunotherapy.”® The
use of comprehensive methods to investigate
immune cell populations, such as single-cell
RNA-=seq (scRNA-seq),” highly multipara-
metric flow cytometry and cytometry by time
of flight,” ? has revolutionized our under-
standing of the TIME. However, these tech-
nologies require tissue disaggregation, which
leads to loss of architecture and spatial orga-
nization. The analysis of the spatial features
of immune and cancer cells represents both
an analytical challenge and a window of
opportunity, as this information is present in
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formalin-fixed paraffin-embedded (FFPE) tissue sections
that are stable and accessible and may help explain
tumor immunobiology and predict treatment-specific
outcomes.'” In this review, we discuss critical milestones
in the development of spatial immune microenvironment
analysis strategies, focusing on tissue-based multiplexed
and hyperplexed technologies. The principles discussed
in this review can also be applied to more comprehensive
spatially resolved technologies such as spatial transcrip-
tomics. We also discuss computational advances in the
analysis of complex cell-cell interactions and the identifi-
cation of cellular neighborhoods as well as the associated
challenges.

Origins of image analysis and multiplexed imaging techniques
Tissue biomarkers have been employed in biomedical
research and in the clinic for a long time. Biomarkers
can be broadly classified as prognostic or predictive.
Prognostic biomarkers provide relevant tumor behavior
information about the probability of survival regard-
less of the treatment received. On the other hand,
predictive biomarkers are able to predict outcomes in a
treatment-specific fashion and are therefore very helpful
for deciding patient management. Tumor morphology
and histological classifications are indeed the most basic
tissue biomarkers. As immunohistochemical and immu-
nofluorescence (IF) methods have advanced, it has
become possible to discern cell populations and measure
their densities within tissue sections. Immunohistochem-
istry (IHC) has allowed the quantification of immune
cell populations and immunomodulatory molecules that
have prognostic and predictive power. It is, therefore,
important to measure biomarkers in an analytically valid
and reproducible manner.

For decades, semiquantitative scoring systems based
on pathologists’ estimations using light microscopy have
served as the conventional approach for IHC analysis.
Moreover, these evaluator-dependent scoring methods
are currently the gold standard for assessing several clini-
cally relevant biomarkers, such as PD-L1 expression.'' In
addition to other preanalytical and analytical factors,'? it is
known that the “manual scoring” by pathologists is subjec-
tive, has limited reproducibility and lacks a true quanti-
tative output.”” Therefore, there have been efforts to
develop analytical quantification methods."* ' Although
several of these methods can evaluate relevant clinical
biomarkers,'™"® they have not been widely adopted in
clinical practice.

No single biomarker has demonstrated absolute prog-
nostic or predictive power, which supports the need to
integrate data from multiple markers and/or nonredun-
dant metrics. Therefore, simultaneous measurements of
diverse markers in a single slide and spatial associations
among cell subpopulations could improve biomarker
discovery. In addition to the single marker IHC and IF,
novel techniques enable researchers to investigate the
spatial architecture of the TIME in a more comprehensive
manner. Multiplexed and hyperplexed IHC-based,'?

[F-based,”"™* mass spectrometry-based** and spatial tran-
scriptomics/ proteomics-based” ™’ technologies increase
the number of simultaneously identified proteins or
mRNA transcripts, and therefore, the number of poten-
tially quantified immune and cancer cell populations
(figure 1). In addition, the incorporation of functional
markers allows the interrogation of specific cell states
or biological processes within the cell populations of
interest, increasing the significance and dimensionality
of the data.

However, these technologies are associated with chal-
lenges related to immune marker selection, assay vali-
dation, protocol optimization and analytical platform
selection. First, multiplexed assays require complex devel-
opment, control and validation processes prior to imple-
mentation.”® Preanalytical considerations, including time
from tissue collection to tissue fixation (cold ischemia
time), fixation and tissue processing methods, should be
carefully planned. In addition, the storage conditions and
age of FFPE tissue blocks can influence the antigenicity
of target markers.”” ** Second, the scientific question to
be addressed should guide the multiplexed platform and
the panels of markers to be analyzed. Platforms differ in
their relevant technical characteristics, such as spatial
resolution, multiplexing capacity, and workaround time.
Furthermore, the source of tissue samples dramatically
influences the results. For example, a tissue microarray
allows the analysis of different samples in a single FFPE
tissue section, ameliorating technical variability issues.
On the other hand, whole slide images can include
larger tissue areas and enable a deeper understanding of
intratumor spatial heterogeneity. Last, different analysis
pipelines will determine the computing power require-
ments. A standard multiplex marker assessment pipeline
is shown in figure 1.

Single-plex and multiplex marker quantification analysis
pipeline

Tissue/cell segmentation and quantification of immune
populations are generally the initial steps in most multi-
plex tissue-based analysis pipelines. Different analysis
strategies have unique advantages and are subject to
different limitations. Marker quantification relative
to the measured area (marker expression per square
millimeter), cell density (cell per tissue area such as
square millimeter) or the fraction of cells relative to
the total number of analyzed cells (proportion of cells)
are commonly used metrics. The quantification of indi-
vidual immune cell populations can be used to calcu-
late their prognostic and predictive potential, to identify
biological differences among tumor types or to analyze
their variation longitudinally over time in the same
tumor/patient after therapeutic interventions. In addi-
tion, information on the global infiltration of various
immune populations is needed to design complex
spatial analysis strategies.
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Figure 1 Top: Overview of the design, performance and analysis of a tissue imaging experiment to analyze the tissue immune
microenvironment (TIME). Bottom: Table summarizing the main technologies used to perform spatial TIME analyses. Figure
partially created with BioRender.com. The costs are approximately defined as follows: low<US$500/sample; mid=US$500-
US$1500/sample; and high>US$1500/sample. FFPE, formalin-fixed paraffin-embedded; FFT, fresh frozen tissue; IF,

immunofluorescence; QC, quality control.

Pixel-based marker quantification

Digital images are numeric arrays of pixels that contain
information on the cells present in the tissue. The pixel
information present in these arrays will vary according
to variations in cell type composition. Therefore, quan-
tifying normalized pixel intensities without considering
individual cell units is a commonly employed and effec-
tive strategy for analyzing multiplex tissue images. Pixel-
based analyses usually begin with image preprocessing
steps that are followed by marker normalization to ensure
intraslide and interslide comparability. Next, different
tissue compartments or areas are defined according
to the pixel intensity of specific markers. For example,
cytokeratin can be used to define the pixels belonging
to the cancer cell compartment, vimentin can be used
to identify the surrounding stromal area, or CD3 can
be used to delineate the T-cell compartment. Compart-
ment definition usually requires setting adequate marker
thresholds and may also require one or several rounds
of image preprocessing or filtering to accommodate
specific compartment shapes, smooth out compartment
edges and remove any artifactual holes or defects in the
compartment mask. Subsequently, the pixel intensity of
the marker of interest is averaged across the selected
tissue compartment and divided by the total compart-
ment area. This metric captures both the number of
positive cells/structures that express the marker and
their intensity in positive areas. Complex colocalization
hierarchies can be used to analyze specific colocalized

markers. The main advantages of pixel-based quantifi-
cation are its simplicity, high precision, objective nature,
and reproducibility, in addition to its simple computa-
tional requirements. In addition, pixel-based scoring is
not restricted to intracellular markers and is well suited
for quantifying extracellular immune mediators, such
as cytokines and other relevant macromolecules, and
complex biological structures, such as neutrophil extra-
cellular traps (NETs), which are webs of extracellular
nuclear DNA associated with proteins extruded by dying
neutrophils.” However, pixel-based approaches that
quantify immune markers using average fluorescence
intensity scores that are not standardized, lack the inter-
pretability of cell-based quantification and are affected by
the size of the tissue compartment being analyzed. These
drawbacks limit its use in subsequent spatial cell-cell
interaction analyses (see table in figure 2). By using pixel-
based quantitative IF (QIF) platforms, such as automated
quantitative analysis (AQUA),” we have investigated the
immune microenvironment of a variety of tumors.” **
For example, pixel-based QIF was used to analyze various
immune populations in glioblastomas treated with immu-
notherapy. Changes in the mean fluorescence intensity of
several immune markers were noted.”

Cell-based marker quantification

Cells are considered the basic biological unit of tissue
and generally consist of three identifiable structural
components: the cell membrane, the cytoplasm, and
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Variable
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Figure 2 Overview of the two main strategies (pixel-based and cell-based) used to quantify immunofluorescence markers.
Top: Flow chart comparing the analytical pipelines. Bottom: Table displaying the feature comparison between methods.

the nucleus. Image analysis algorithms can be applied
to segment the membrane and nuclear compartments
of cells, which allows single-cell high-dimensional
morphology analysis. In contrast to pixel-based quanti-
fication, after image preprocessing steps, cell segmen-
tation processes are carried out before proceeding with
the analysis. Although still in use, algorithms based on
watershed segmentation,” ** active contour segmen-
tation,”” graph cut segmentation®™ or Voronoi tessella-
tion” (among others) have recently been superseded
by deep learning-based segmentation models.* Most of
these algorithms rely on nuclear markers such as DAPI
(4',6-diamidino-2-phenylindole) or Hoechst stain to
perform nuclear segmentation. Each detected nucleus
is then expanded to provide an approximation of the
full cell area, constrained by the distance and proximity
of neighboring cells. A list of several features derived
from cell morphometry and intensity measurements is
then calculated for each cell. Alternatively, segmenta-
tion methods that use nuclear and membrane markers
to feed deep learning-based classifiers, such as the Deep-
Cell algorithm, have been developed as powerful cell
segmentation tools."’ They run pretrained networks (eg,
Mesmer) to generate cell masks."' Quality checks of the
cell outlines can be visualized by overlaying the cell masks
over the original images.

After cell segmentation and feature extraction, the
cells are labeled according to their marker expression
profile. Expression-matrix approaches rely on the anno-
tation of the average intensity of different markers for
each of the cells in the sample. Intensity thresholds can
then be specified manually by researchers or by distribu-
tion histogram-based methods, such as the Otsu method
or Renyi entropy.” # Other alternatives not requiring
thresholding include various clustering techniques (hier-
archical, density-based, and graph-based techniques, such
as the Louvain or Leiden algorithms). Alternatively, user-
supervised, image-based machine learning algorithms
such as CellSighter*! can be trained to classify cells in
experiments. These algorithms work directly with images,
considering other morphometric variables in addition to
marker intensity in the cell segmentation process. After
major cell lineage identification, proteins of interest not
used for the phenotyping process can be quantitatively
scored within the defined cell population (such as gran-
zyme B, PD-1 or PD-L1).

The main advantage of cell-based approaches is that
they provide biologically interpretable metrics. In addi-
tion, these methodologies allow subsequent complex
cell—cell interaction analysis pipelines. Cell-based pipe-
lines are the mainstays of commonly employed multiplex
IF analysis software, such as QuPath,45 Halo (Indica Labs),
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Phenoplex (Visiopharm) and InForm (Akoya Biosci-
ences). However, the evaluation of individual cell popu-
lations using tissue segmentation strategies is subject to
prominent associated challenges. These include difficul-
ties in systematically obtaining accurate single-cell identi-
fication/phenotyping across tissues and samples, the use
of extremely labor-intensive morphology-assisted quality
control steps to ascertain adequate performance, the
presence of bias secondary to dissimilar marker expres-
sion levels/patterns and cell size or morphology, the
loss of valuable marker information in the thresholding
process through binarization, and the oversight of infor-
mation present between individual cells in interstitial/
extracellular areas that may have biological relevance.
Moreover, cell segmentation strategies have associated
computational costs. As a result of increased complexity
and variability in results between methods, reproduc-
ibility may be an issue.

Cell-based quantification has grown in popularity in
recent years. For example, a cell-based strategy has been
used to quantify CD8+T cells in various tumor types and
to correlate cell density with the presence of NETs.*®

Quantifying spatial intratumor heterogeneity

Tumors are subjected to evolutionary pressure that leads
to intertumor and intratumor heterogeneity (ITH).*” In
recent years, ITH has received increasing attention due
to its association with cancer progression and response

A

Global high heterogeneity
No spatial pattern

Perfect homogeneity

to treatment, including its response to checkpoint inhib-
itors.** ITH quantification is a field of active research.
From a genetic perspective, multiple methods have been
developed to quantify different tumor subclones as a
proxy of ITH.*%% In addition, efforts have been made
to analyze ITH at the transcriptomic level.”” ** At the
spatial level, tumors also display heterogeneity. However,
analyzing spatial-ITH (s-ITH) is a complex task. At the
spatial level, tumors can deviate from perfect homoge-
neity in several different ways (figure 3), implying that
measuring heterogeneity requires the integration of
several different analytical strategies. Furthermore, s-ITH
refers not only to cancer cells but also to multiple types
of immune and nonimmune cells (such as fibroblasts and
endothelial cells). In addition to variations in intrinsic cell
properties and cell density, s-ITH should also reflect the
diversity of spatial configurations present in the sample.
Broadly, s-ITH can be analyzed globally (considering
a tumor as a whole population) or locally (considering
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unit of measure used to perform local s-ITH. Most local
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areas by the researcher or the segmentation of the image
into areas of constant size (image tiling or tessellation).
Relevant metrics that capture the density or proportion
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Figure 3 Spatial intratumor heterogeneity analysis (s-ITH). Top: (A) Spatial heterogeneity can display different patterns. Some
patterns are associated with high global heterogeneity while others are not. (B) Flow chart with the main outline of an s-ITH
analytical pipeline. Bottom: Table describing different commonly used s-ITH methods. Figure partially created with BioRender.

com.
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of various cellular phenotypes are estimated in each
of these areas. Metrics to measure s-ITH differ in their
complexity and robustness. The metric choice can heavily
influence the data structure, properties, and results of the
analysis. ITH metrics can be further divided into statis-
tical, image-based, and graph-based metrics. Statistical
methods represent some of the simplest ITH metrics,
including dispersion estimators such as variance, stan-
dard deviation (SD), range, and coefficient of variation.
More intricate methods, such as entropy metrics™ or
mixed effects models,” can also be applied. Image-based
methods analyze the spatial distribution of single markers
to approach the level of spatial homogeneity or clus-
tering. Textural image analysis”' and spatial autocorrela-
tion metrics® are examples of image-based approaches
(see table in figure 3). Other approaches represent tissue
images as graphs, where cells are nodes and edges are cell
distances. Each cell or node is assigned to a specific cell
type. Graph modularity scores measure how different cell
types are spatially arranged into homogeneous or hetero-
geneous communities.*

Excluding entropy and graph-based metrics, all other
s-ITH metrics are restricted to analyzing single cell types.
In addition, heterogeneity measurement is heavily influ-
enced by the analyzed tissue area and the size and number
of tiles used to implement the analysis. Furthermore, the
number of cell phenotypes and their density also impact
the metric results.

These types of analyses revealed the impact of s-ITH
on survival in patients treated with immunotherapy.
For example, Lopez de Rodas et al combined a local
tessellation approach to calculate a global per-sample

Rao quadratic index (an entropy metric) to classify
non-small cell lung cancer (NSCLC) samples into high-
heterogeneity and low-heterogeneity groups. The authors
demonstrated that patients with tumors displaying high
heterogeneity had worse survival after treatment with
checkpoint inhibitors.**

Simple spatial cell-cell interaction
Compared with other multiplexed technologies, image-
based multiplexed platforms allow direct interrogation of
cell—cell spatial mapping. Cell-cell spatial interactions are
required for many immunologically relevant processes,
such as cell migration, antigen presentation and cell cyto-
toxicity. Spatial Cartesian mapping can reveal biologically
and clinically relevant complex immune architectures that
cannot be identified by cell population quantification.
Most spatial interaction analysis pipelines start by
measuring the distance between all the cells from two
populations of interest, obtaining a cell-to-cell distance
matrix. Basic spatial interactions include calculating the
average distance, the average minimum distance, or the
average maximum distance between two cell populations
(figure 4). Other approaches require the user to define
biologically relevant interaction distances and select
a reference and target cell. Afterward, the number of
target cells within the defined distance from every cell of
origin is calculated. Alternatively, other approaches, such
as the G-cross function,” infer the probability of encoun-
tering a target cell across the distance radius. Notably,
most Euclidean cell-cell distance metrics obtained from
segmented tissue samples are highly dependent (and
inversely correlated) on the density of the cells being

Spatial interaction analysis

simple cell interaction
Average distance Average distance between two cell populations.
Minimum distance Average minimum distance between two cell populations.
Cells within radius

G-cross function
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Figure 4 Simple cell spatial interaction analysis and complex (neighborhood) interaction analysis. Top left: Table showing the
different methods used to analyze cell-to-cell spatial interactions. Top right: Explanatory diagrams of simple cell-to-cell spatial
interaction analysis. Bottom: Explanatory diagram of closest neighbors and UTAG neighborhood analysis approaches. UTAG,

unsupervised discovery of tissue architecture with graphs.
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analyzed. Thus, careful analysis using correlation func-
tions or multivariate models should be incorporated to
ascertain their contribution beyond cell counts. Alterna-
tively, to account for the influence of the total cell density
on spatial correlation metrics, several methods have
been developed. Ripley’s K function® (or similar variants
including L, F and G functions) can be used to calculate
the colocalization of one or several cell populations within
the distance radius K compared with a complete spatial
randomness distribution. This random background is
usually obtained from a Poisson process, by homoge-
neous distribution sampling or by iteratively permuting
cell labels. In addition, random distributions and colo-
calization metrics can be calculated considering tissue
hierarchies (eg, tumor and stromal compartments).®’
One of the main limitations of these approaches is that
the colocalization distance threshold must be selected.
This is usually an arbitrary choice, as only rarely is there
enough evidence to support an explicit biologically
relevant distance threshold. To address this limitation,
numerous radius sizes can be interrogated using cross-
K functions, as implemented in the R package SPIAT.”
Moreover, distance analysis is computationally intensive
and is usually performed for restricted cell populations.
Despite being a powerful technique, analyses restricted
to two populations may not be sufficient to capture the
complexity of spatial interaction architectures.

For example, using radius interaction analysis, it
has been shown that close contacts and interactions
(defined as having a radius of less than 45 pm) between
PD-1+CD8+T cells and PD-Ll+cancer cells are associ-
ated with a poor prognosis in patients with endometrial
carcinomas.

Multiple spatial interactions: cellular neighborhoods

The variety of cell types present in the TIME requires
the visualization and quantification of several immune
and cancer cell markers in a single tissue section. Many
immune-relevant functions within the TIME are orga-
nized into highly complex tridimensional structures
that are characterized by a conserved composition and
spatial distribution of immune cells. These conserved,
distinct structures can be described as two-dimensional
(2D) representations using cellular neighborhoods. For
example, the organization of several B and T-cell lympho-
cyte populations as well as dendritic cells into tertiary
lymphoid structures is associated with favorable prognosis
in several cancer types.”””" Systematic spatial mapping of
various cell types in a nonrandom fashion is the basis of
cellular neighborhood analysis.

Broadly, cellular neighborhood analysis strategies typi-
cally incorporate machine or deep learning strategies
and can be classified as unsupervised or weakly super-
vised. Unsupervised approaches do not take into account
image metadata to identify tissue neighborhoods. Among
these algorithms, one of the most popular unsupervised
neighborhood profiling algorithms requires the annota-
tion of the closest neighbors surrounding every single cell

in the sample. These closest neighbor patterns are then
used to feed a clustering algorithm to find reproducible
spatial colocalization patterns.”” This approach has been
used to decompose the immune microenvironment in
colorectal carcinomas using the codetection by indexing
(CODEX) ™ labeling technique as well as to characterize
complex cellular neighborhoods in NSCLC.” Other algo-
rithms, such as unsupervised discovery of tissue architec-
ture with graphs (UTAG),” are based on adjacency and
feature matrices. In this approach, a distance threshold
to consider two cells as spatially related must be defined
by the researcher. UTAG allows the discovery of ‘tissue
microanatomical domains’ that can be used to decompose
tissue into meaningful spatial interaction domains. Other
approaches inspired by natural language processing,
such as SpatialLDA,”® analyze the spatial neighbors of
cells to infer different spatial microenvironments (called
“topics”), just as groups of words are usually associated
with specific topics in a text document. This approach
has been applied to identify novel spatially recurrent
cell-cell microenvironments associated with recurrence
in colorectal cancer.””

Approaches such as that implemented in CytoMAP™
analyze tumor neighborhoods in a grid-like manner. The
cell composition and marker intensity were calculated for
all the tiles in the sample, and the results were clustered
using self-organizing maps.

Recently, weakly supervised deep learning methods,
such as NaroNet,”” have been implemented to perform
cellular neighborhood analysis. This trend is driven by
image metadata (including clinical information, molec-
ular data, and histologic data) used as training labels
to obtain biologically relevant spatial patterns. These
patterns are specific for the selected labels. In contrast to
other methods that consider a single definition of neigh-
borhood, NaroNet’s spatial interaction networks are
arranged in hierarchies of increasing size and complexity
(local phenotypes, neighborhoods, and areas). This
approach allows a broader analysis of complex cell—cell
interactions. Using NaroNet, complex cell-cell spatial
interaction patterns associated with endometrial cancer
relapse have been analyzed,” identifying that CD8+T
cells, Tregs and macrophage-rich neighborhoods are
associated with better clinical outcomes.

The choice of the neighborhood approach usually
relies on the scientific hypothesis to be addressed.
Unsupervised approaches are good options for pattern
discovery studies while weakly supervised strategies can
be employed to increase the clinical relevance of results.
The notion that neighborhood analysis is complex
and computationally intensive should also be consid-
ered. In addition, all algorithms require the adjust-
ment of hyperparameters, which may be performed in
a user predefined manner or through cross-validation
methods. These parameters influence the ability of the
algorithm to identify different spatial patterns present in
the tissue. Although less prone to bias, hyperparameter
cross-validation increases the computational costs of the
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pipeline. However, flawed hyperparameter adjustment
may lead to reproducibility issues. A major limitation of
computationally complex neighborhood analysis relies on
the numerous data required to train stable and reproduc-
ible models. Neighborhood identification methods that
rely on deep learning may require an exceedingly large
number of image examples to be trained and validated.
Although this issue may partly be alleviated with the use
of synthetic images created through several different
methods,”™ *! it still represents a major limitation to its
widespread implementation. In addition, there is a lack of
uniformity in the computational rules and hyperparame-
ters necessary to capture biological or clinically relevant
information. These models are also generally subject to
the same limitations of single-cell segmentation analysis
described above. To overcome some of these limitations,
a recent model called ‘Graph of Graphs’ has incorpo-
rated a manifold learning approach to achieve accurate
classification of tumors from patients with lung cancer
sensitive and resistant to PD-1 axis blockers. The authors
used a segmentation-independent strategy in which tissue
microdomains or “patches” from tumor slides stained with
a 29-marker imaging mass cytometry panel were used to
generate multimarker correlation vectors that represent
the local tissue organization.*

FUTURE DIRECTIONS
Although multiplex and hyperplex spatial technolo-
gies have demonstrated good predictive and prognostic
capabilities, most of these technologies are restricted to
research applications. Translation of these spatial anal-
yses to the clinic is challenging. The approval of in vitro
diagnostic tests (IVDs) by regulatory agencies requires a
stringent analysis of assay validity, reproducibility, sensi-
tivity, and specificity. Despite several PDL1 immunohisto-
chemical assays and the analysis of lymphocyte infiltration
patterns (the immunoscore),” no other tissue-based
immune biomarker has gained IVD approval. Further
efforts are required to accelerate the implementation of
spatial tissue-based analyses in routine clinical practice.**
Assessment of the TIME to advance the field of immune
oncology demands the implementation of increasingly
complex techniques that are capable of simultaneously
measuring not only protein markers but also RNA tran-
scripts, DNA sequences and epigenetic landmarks.*> Of
these, spatial transcriptomics has already been applied in
the field of oncology,”*” and its potential in the field of
immune-oncology has already been recognized.® Spatial
transcriptomics exceeds the number of total markers
that can be measured per cell, allowing the identifica-
tion of complex cell phenotypes. However, spatial tran-
scriptomics is a heterogeneous group of techniques that
differ in terms of transcriptome coverage and spatial
resolution. For example, Visium Spatial Gene Expression
(10x Genomics) allows the interrogation of the entire
genome but does not allow direct single-cell spatial reso-
lution. On the other hand, other spatial transcriptomics

technologies, such as GeoMx (NanoString), allow the
interrogation of a limited set of transcripts in specific
spatial tumor compartments. Furthermore, the massive
amount and complex structure of the data generated by
these techniques pose a great challenge. First, handling
such an amount of data usually requires great computa-
tional power and carefully planned strategies to reduce
data dimensionality. The data distributions yielded by
these technologies are usually zero-inflated. This means
that most measured transcript or protein counts in each
cell are equal to zero and require adequate statistical
approaches.”” Moreover, specific challenges regarding
data acquisition, normalization, image segmentation and
cell phenotyping are relevant and have been reviewed.”
Tailored solutions for analyzing gene expression spatial
patterns, including SpatialDE”" and SPARK,” are avail-
able. Due to the vast number of cell phenotypes identified
in these experiments, neighborhood analyses are more
complicated than less comprehensive technologies, and
therefore, advances in the field are needed. Given the
specific strengths and limitations of different spatial omics
approaches, pipelines that integrate the results of several
of these technologies (including multiplex and hyper-
plex technologies and simple stains such as hematoxylin
and eosin) will be needed. There are already examples of
pipelines that integrate scRNAseq, chromatin accessibility
and spatial proteomic data.”® These massive data sources
are associated with challenges regarding data interpreta-
tion from a biological and clinical perspective.

As the amount of data obtained from spatial experi-
ments increases, there is an increasing need for publicly
available pipelines to address different analytical chal-
lenges. Open-source pipelines will enable widespread
adoption, faster pipeline improvement and transparency.
Some of the most popular open-source data analysis pipe-
lines applied to spatially resolved data are summarized in
figure 5.

Further developments to analyze the TIME from tissue
slides stained with HE are required and are under active
development. HE-stained slides are the basis of patho-
logical diagnosis and are therefore readily available
and associated with clinical information. Consequently,
the development of HE-based computational methods
to analyze the TIME should be a priority in the field of
immune-oncology. The use of deep neuronal network-
based approaches (such as convolutional neural networks
(CNNs)) for different tasks, such as image segmentation
and classification, has already shown good results and has
been reviewed extensively.” CNNs have also been used
to investigate certain aspects of the TIME, such as TIL
infiltration patterns in tumor slides stained with HE,” to
determine associations with histological and molecular
subtypes. Similar approaches have also been employed
to quantify the proximity between cancer cells and TILs
in breast carcinomas.” Other deep learning approaches
may also play a role in future HE-based Al (Artificial Intel-
ligence) applications. For example, graph-based algo-
rithms have been successfully implemented to analyze
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ATHENA Python A collection of analytical toqls designed to analyze spatial heterogeneity GitHub github.com/AI4SCR/ATHENA
through graph-based analysis.
Analytical pipeline to identify cell spatial patt ini t different
CytoMAP MATLAB MBI (A1 m.e e e GitLab gitlab.com/gernerlab/cytomap
levels of complexity.
. R/ Set of tools to visualize and analyze multi-dimensional imaging . . . .
Gictto Python experiments. Well suited for spatial transcriptomic analyses. GitHub github.com/drieslaby/Giotto
Python / Interactive platform to visualize and analyze multiplexed images. The
HistoCAT lv\llATLAB provided tools allow image visualization, dimensionality reduction and GitHub github.com/BodenmillerGroup/histoCAT
neighborhood analysis.
Pipeline developed t lyze IMC data. It all th to identify cell
ImaCytE MATLAB Ipeline developed to analyze a' a-ta .OWS © usertoidentily e GitHub github.com/biovault/ImaCytE
types and analyze complex cellular microenvironments.
Set of tools focused on IMC data and other highly multiplexed imaging . . . ]
IMCRtools R Ay Sars el ineasisn exehab end) ek el s, Bioconductor bioconductor.org/packages/release/bioc/html/imcRtools
Pipeline designed to find neighborhoods in a semi-supervised manner. i . "
B Python Resulting neighborhoods are associated with relevant image meta-data. GitHub github.com/djimenezsanchez/NaroNet
NeighborhoodCoordination Python ?"pe'f“e Gz _|denr|fy Cellulfar Nglghborhoods pbighleemetsy GitHub github.com/nolanlab/NeighborhoodCoordination
imaging data. It provides tools to visualize the results.
phenoptrReports & Set of tools to phenotype, quantify and analyze spatial interaction between _. . .
phenoptr R cells. Can be operated through a GUI. GitHub github.com/akoyabio/phenoptrReports
Analytical pipeline initially developed to analyze scRNAseq data. Recent .
Setat R implementations enable the analysis of spatially resolved data. cRil Clanpprojectorgeb/packages/Selat
Spatial-LDA Python lmplemen_tatlon o_f the spahgl Iaten_t D|r|chl_et aII.ocat'lon method to identify GitHub github.com/calico/spatial_Ida
cellular microenvironments in multiplexed imaging data.
Pipeline to process, visualize and analyze data from single-cell spatial
SPIAT R proteomic platforms. Includes cell-phenotyping, spatial heterogeneity Bioconductor bioconductor.org/packages/release/bioc/html/SPIAT
analysis and neighborhood identification tools.
Suite of tools to visualiza and analyze spatial patterns through several
Squidpy Python methods including graph-based analyses. Well suited for spatial PyPI squidpy.readthedocs.io
transcriptomic experiments.
Implementation of the Unsupervised discovery of tissue architechture with
UTAG Python graphs algorithm. It segments highly multiplexed images into tissue GitHub github.com/Elementolab/utag
microanatomical domains.
o Interactive tool to analyze high dimension images. Can perform a variety of _. . N
Visinity Python neighborhood identification pipelines. GitHub github.com/labsyspharm/visinity

Figure 5 Table summarizing the open-source analytical pipelines used in spatial data analysis. UTAG, unsupervised discovery

of tissue architecture with graphs.

the tumor-infiltrating lymphocyte distribution of breast
cancer, melanoma and NSCLC.”%

Currently used techniques analyze the TIME in a
2D manner. However, the TIME is a 3D structure with
dynamic temporal variations. 3D tissue imaging tech-
niques and videorecording (4D imaging) are being devel-
oped and will likely require more sophisticated analysis
tools. The use of 3D image reconstruction has already
been implemented to analyze the tertiary lymphoid struc-
tures present in colorectal carcinomas.

CONCLUSION

Spatial patterns are intimately linked to key immune
processes occurring in the tumor microenvironment.
Therefore, spatial analysis is required to obtain a complete
understanding of cancer-cell and immune-cell inter-
actions. Substantial advances in the field have allowed
the potential of tissue-based imaging technologies to be
harnessed. Future efforts will be required to make these
approaches widespread, improve the analytical pipelines
and data management strategies and ultimately support
biomedical research and improve patient care.
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