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SUMMARY

The immune system defines a complex network of tissues and cell types that orchestrate responses across
the body in a dynamic manner. The local and systemic interactions between immune and cancer cells
contribute to disease progression. Lymphocytes are activated in lymph nodes, traffic through the periphery,
and impact cancer progression through their interactions with tumor cells. As a result, therapeutic response
and resistance are mediated across tissues, and a comprehensive understanding of lymphocyte dynamics
requires a systems-level approach. In this review, we highlight experimental and computational methods
that can leverage the study of leukocyte trafficking through an immunomics lens and reveal how adaptive im-

munity shapes cancer.

INTRODUCTION

Cells of the immune system originate from hematopoietic pre-
cursors in the bone marrow, subsequently forging myeloid and
lymphoid lineages. At any given moment in time, available pools
of naive and matured immune cells can be circulating in periph-
eral blood and lymphatic fluid or found to be tissue resident.’
Myeloid cells and lymphoid cells together perform duties that
form the basis of adaptive and innate immunity. Throughout their
lifespan, these cells will migrate across vessels and tissues,
exposing themselves to stimuli and selective pressures that
will differentiate them into mature cells with distinct functions
and phenotypes.” The circulation of immune cells across the
body culminates in the orchestration of systemic responses as
well as in the establishment of immunological niches that shape
disease progression. As immune cells transverse through tissue
and circulate the lymphatic drainage system, they alter their phe-
notypes and function.® As a result, immune cells have heteroge-
neous resident or migratory states that vary with their cell sub-
type and function in a site-specific manner during disease
progression.*

Ahallmark of cancer is its ability to evade anti-tumor immunity,
often by suppressing or hijacking immune responses for its
benefit.” Thus, immune responses play an important role in
tumorigenesis and metastatic disease progression. Resident im-
mune cells in tumors have been shown to play a crucial role in
tumorigenesis by regulating the immune microenvironment
and, if phenotypically immunosuppressive, can even facilitate tu-
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mor cell survival.® Immune structures organized to varying de-
grees, including tertiary lymphoid aggregates (TLAs), mature ter-
tiary lymphoid structures (mTLSs) or ectopic lymphoid structures
(ELSs), and immune infiltrates of myeloid origin, can be found
modulating the tumor microenvironment across solid tumors.”"®
The location and density of these structures have been proven to
have prognostic value, and it is hypothesized that they might
contain potential for immunotherapeutic targeting.® These im-
mune structures can evolve over time and self-organize into
highly ordered structures that resemble lymph nodes, particu-
larly with T cell-rich zones and germinal centers that disseminate
humoral immunity.®'® Understanding their development, the
trafficking of immune cells to and from them, and the regulatory
mechanisms governing their function is critical to immuno-
therapy because it can provide novel insights into optimizing
treatments, identifying new therapeutic targets, and improving
patient outcomes.

The mechanisms underlying the development of immune
structures throughout the course of the disease, their relation-
ship to immune cell recruitment, and the mediation of immuno-
therapy response remain largely unresolved. Cutting-edge
high-throughput immunomics technologies applied to the tumor
microenvironment now achieve the resolution necessary to deci-
pher tumor-immune evolutionary dynamics in cancer.'"'? These
technological omics innovations have facilitated an exponential
increase in our ability to generate high-dimensional single-cell
data, while data science is catching up to this exponential
curve."® Whereas most studies focus on characterizing a single
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tissue, immune cell trafficking and structures span across tis-
sues and evolve over time. In this review, we highlight consider-
ations in the selection of experimental and computational meth-
odologies and patient samples necessary to examine these
systems-level immune processes throughout the body. In this
review, our main targets are computational immunology method
users and developers who could benefit from an overview of the
current technologies and data types available to study leukocyte
trafficking contextualized with current research topics in cancer
immunology.

IMMUNE CELL TRAFFICKING AND IMMUNE
STRUCTURES IN CANCER

Although interactions between immune and cancer cells likely
first occur at the primary tumor site, with increasing disease pro-
gression, these interactions become more widespread. As tumor
cells continue to invade regional lymph nodes and opportunisti-
cally circulate to colonize distant loci, interactions with immune
cells greatly influence the course of the disease. Draining lymph
nodes are often primary metastatic targets and likely some of the
primary sites of acquired immune tolerance.'” After this, tumor
tolerance is propagated, promoting tumor cells to colonize
more distant lymph nodes and organs.'”® As cancer cells
continue to interact with immune cells, they influence each
other’s evolution in various ways. In one process, known as can-
cer immunoediting, cancer clonal diversity is modulated by
adaptive immune responses targeting cancer antigens.'® In par-
allel processes, this continuous interaction between immune
cells and cancer cells may produce exhausted T cell pheno-
types,'” and mechanisms of immune evasion by cancer cells,
such as major histocompatibility complex (MHC) downregula-
tion,'® and checkpoint ligand expression.'®

Immune cell trafficking refers to the movement of immune cells
across tissues in response to various signals, a process that
plays a critical role in the immune system’s ability to recognize
and respond to threats to the body.?® In this review, we refer to
immune cell trafficking in cancer as the physical movement of
immune cells through the complex network of lymphoid tissues,
vasculature, tumors, and extracellular matrix that govern their
navigation. In this network, secreted soluble factors, including
cytokines and chemokines, as well as insoluble extracellular ves-
icles induce or inhibit cellular migration in immune cells.”'**
Many of these factors may be secreted by various cellular regu-
lators, including immune cells, stromal cells, and even tumor
cells.”® The 3D spatial plane in tumors, in combination with
lymphatic and blood vasculature, together form a complex navi-
gational network for immune cells in cancer. Immune cell traf-
ficking has been studied temporally and mechanistically in
many experimental models.?* In humans, however, researchers
are limited by snapshots of immune cell dynamics in blood and
tissue samples, unable to make direct observations of trafficking
or the dynamics of immune structures, like TLSs, over time.
Although not a substitute for real-time tracking of cells, recent
advances in profiling technologies can help us identify lympho-
cyte subsets and keep track of their locations (intratumoral, pe-
ripheral, lymphatic, etc.), cell signatures (activated, stem like,
etc.), and expansion dynamics. By integrating this information,
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we can infer trafficking in humans, generate hypotheses from
clinical correlates, and subsequently validate findings in vitro
and in vivo with appropriate models.

Immune structures in cancer refer to collections of immune
cells within the tumor microenvironment or in secondary
lymphoid organs, such as tumor-draining lymph nodes. These
include TLSs and germinal centers, which are composed of high-
ly organized clusters of immune cells, including B cells, T cells,
and follicular dendritic cells that propagate humoral re-
sponses.”® They also include immune aggregates in zones of
immune cell exclusion, including regulatory T cells and immuno-
suppressive myeloid cells.”®?” Together, these dynamic struc-
tures result from immune cell trafficking, facilitating a balancing
act between tumor immunity and tumor tolerance.

Others have previously reviewed cell motility and trafficking in
cancer with an emphasis on in vitro models and in vivo biological
observations.?*?® They described a complex network of extra-
cellular matrix and chemokine regulation for the migration of
both tumor and immune cells. Similarly, sophisticated mouse
modeling and intravital microscopy have demonstrated traf-
ficking of immune cell subsets from tumors to lymph nodes
and synaptic transfer of tumor antigens between these sub-
sets.?® In addition to the biophysical study of cellular dynamics
of lymphocyte trafficking in immune system function, a bio-
informatic lens can complement in vitro/vivo methods to
discover the molecular mechanisms associated with the chang-
ing behavior and actions of the immune system. Historically, the
field of immunology has relied on isolating cells based on surface
multimarker panels for mechanistic molecular investigation. Pro-
tein markers of immune cell identity have been extensively
experimentally validated by flow cytometry, such as in the
case of functional or exhausted T cell markers.>° However, the
same type of immune cell can have distinct phenotypes and
functions, resulting from complex molecular interactions along
gene-regulatory networks. Now, a multitude of newly available
technologies allows us to profile the immune system on a larger
scale of single-cell and spatial modalities, including proteomics,
transcriptomics, epigenomics, and genomics (Table 1). These
modalities, when used in conjunction, offer unique and comple-
mentary capacities for biological investigation of immune cell
function (Figure 1). Computational methods are also being
continuously innovated to leverage these high-dimensional tech-
nologies in tandem to study immunology in a systems-level
approach.

MONITORING IMMUNE CELL SIGNATURES FROM THE
PERIPHERY TO THE TUMOR WITH DISSOCIATION-
BASED SINGLE-CELL TECHNOLOGIES

Systems immunology and high-throughput profiling technolo-
gies have made significant advances in our understanding of
the relationship of immune cell phenotypes to immune system
function.*® In recent years, considerable work has been pub-
lished investigating the phenotypes of lymphocytes at various
stages of their migration and interactions with cancer at a high
resolution.***® Historically, flow cytometry techniques have
played a pivotal role in analyzing and characterizing lympho-
cytes.’® By sorting immune cells, researchers can enhance their
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Table 1. Example high-throughput technologies and protocols available for human immunophenotyping and receptor repertoire
studies at single-cell and spatial resolutions

Resolution Technologies Example platforms Data types Developers
Bulk RNA-seq NovaSeq transcriptome Nanostring
TCR/BCR DNA-seq immunoSEQ unpaired TCR o/, BCR Adaptive Biotech
(IGH, IGL, IGK)
chromatin accessibility ATAC-seq read density peaks in Buenrostro et al.®"
sequencing accessible chromatin
region
Single cell Flow Cytometry CytoFLEX <21 protein targets Beckman Coulter
Mass Cytometry HeliosTM <40 protein targets Standard BioTools
Single cell chromium, transcriptome, paired 10x Genomics
RNA-seq RAGE-seq TCRa/B, BCR (IGH, IGL, IGK), Singh et al.*”
ATAC-seq (long read) epigenome
TCR/BCR-seq
probed high-plex CITE-seq, >150 protein targets, Stoeckius et al.>*
antibodies combined TetTCR- SeqHD transcriptome, Ma et al.**
with scRNA-seq/ paired TCRao/B
TCR-seq
Spatial 10- to 55-um spot Visium (55 um), spatially resolved transcriptome, 10x Genomics

Spatial single-cell and
subcellular resolved

RNA-seq, chromatin
modification profiling

10- to 55-pum spot RNA
+ TCR-seq

25-pm spot RNA-seq +
high-plex protein mapping
10-um spot DNA-seq
multiplex protein imaging
and mass cytometry

probe-based imaging

GeoMx TM (>10 pm),
Slide-seqV2 (10 pm),
Spatial-CUT&Tag
-RNA-seq (20-50 pum)
Visium + TCR amplification
(55 um), slide-TCR-seq
(10 pm)

spatial CITE-seq

slide-DNA-seq
CyCIF, COMET, Hyperion,
MIBI-TOF

MERSCOPE, Xenium,
PhenoCycler,
CosMx

epigenome

spatially resolved transcriptome
and TCR repertoire

spatially resolved transcriptome
and 189 protein targets

spatially resolved DNA sequences

spatial single-cell resolution
of ~30-60 protein targets

spatial subcellular resolution
of 100+ protein & RNA targets

Nanostring
Stickels et al.,*®
Deng et al.,*®
Zhang et al.®”

Hudson et al.*®

Liu et al.*>®

Liu et al.*®

Zhao et al.*’!

Lin et al.,** Lunaphore
Standard BioTools
lonpath

VizGen

10x Genomics
Akoya Biosciences
Nanostring

DNA-seq, DNA sequencing; ATAC-seq, assay for transposase-accessible chromatin sequencing; RAGE-seq, repertoire and gene expression by

sequencing.

phenotypic profiling using additional markers or conduct func-
tional experiments to gain deeper insights into their biological
behavior. While fluorescence-activated cell sorting (FACS)
remains the gold standard for isolating populations for
downstream experimentation, single-cell proteomics and tran-
scriptomics technologies are refining the ability to profile intratu-
moral and peripheral leukocytes.

High-dimensional single-cell technologies have greatly
enhanced the ability to profile both intratumoral and peripheral
leukocytes. Single-cell proteomics profiling technologies have
now greatly improved upon previous methods, such as flow cy-
tometry, by generating protein expression data for dozens of
markers and allowing better control over signal bleeding.*” Cy-
tometry by time of flight (CyTOF) applies mass cytometry to
quantify antibody-metal conjugates targeting extracellular or
intracellular targets in hundreds of thousands of cells per sam-
ple.”® These high-dimensional approaches can be used to

both phenotype the immune cells within a sample and assess
function through the expression of critical protein markers.
Because each CyTOF dataset can contain millions of cells, it
allows sampling of even relatively rare cell types that constitute
less than 1% of a tissue or blood sample using custom-designed
panels of up to 40 protein markers. Several studies applying
CyTOF to peripheral blood mononuclear cells (PBMCs),
tumors, or lymph nodes have reported immune correlates asso-
ciated with clinical outcomes, including immunotherapy treat-
ment.*®~>® CyTOF has also been applied to profile the immune
component of multiple tissue sites at once in several mouse
models to analyze systemic immune dysfunction and plasticity
in an integrated fashion.>* CyTOF profiling of immune cells relies
heavily on the design of the panel of proteins used to answer a
specific biological hypothesis. Considerations for protein selec-
tion in panel design typically include cell type markers for broad
clustering as well as functional markers for differential
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Figure 1. Overview of samples and tissue structures of focus in leukocyte trafficking, omics data generation, and integration

Lymphatic trafficking refers to the movement of immune cells and other biomolecules through the lymphatic system, and the study of this process often focuses
on the tissue structures involved, such as lymph nodes, blood vessels, and lymphatic vessels. Omics data generation is a critical component in this field because
it allows comprehensive analysis of the molecular and cellular mechanisms driving leukocyte trafficking.

expression between sample groups and conditions.
Sequencing-based single-cell proteomics, such as CITE-seq,
leveraging antibody-DNA oligonucleotide conjugates increases
the number of possible protein targets that can be quantified in
tandem, although with lower cell throughput and higher cost
per sample.*’

While protein-based single-cell approaches mirror the
markers used in flow-based functional immunology experi-
ments, RNA sequencing approaches can yield much higher-
dimensional data of cellular phenotypes and function. Since
the bulk sequencing era, high-throughput transcriptional data
have been used to monitor the immune status of tumors.°® These
studies have relied on the inference of immune cell states from
the population through cellular deconvolution methods.**%°
More recently, high-dimensional single-cell approaches can
further resolve the transcriptomic signatures of individual cells
to refine the definition of cell types and cell states. Many sin-
gle-cell RNA sequencing (scRNA-seq) platforms have been im-
plemented to construct genome-wide transcriptomes of individ-
ual cells stemming from tumors and peripheral blood, revealing
novel immune signatures.®”®> Phenotyping scRNA-seq data
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often rely on unsupervised clustering analysis to identify cellular
groupings and then annotate those clusters based on the marker
genes they express. Transfer learning methods, as implemented
by software such as projectR®® and cFIT,** provide powerful
means to leverage large-scale atlases to annotate cellular
function in new experiments.®® Transfer learning methods have
been applied to phenotype intratumoral leukocytes through
ProjectTILs.%®

The advent of multiomics molecular profiling technologies and
complementary data integration methods enables more precise
cellular analysis (Figure 2). To refine cell state annotations using
canonical protein markers, dual-profiling technologies such as
CITE-seq have been developed to assay hundreds of protein
markers in conjunction with scRNA-seq in individual cells.*®
This has allowed the adaptation of transfer learning computa-
tional methods to incorporate protein markers in reference at-
lases for the annotation of cells in new target scRNA-seq data-
sets of tumors and PBMCs through Azimuth, for example. Hao
et al.” demonstrated in PBMCs that, for some immune cells,
such as B and T cells, protein information is weighed higher
than RNA to account for gene dropout, whereas in myeloid cells,
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Figure 2. Experimental and bioinformatic
workflow for multi-immunomics

Experimental approaches for - omics studies require
sample processing to obtain high-quality bio-
molecules, followed by multimodal data generation
using a combination of technologies such as
transcriptomics, proteomics, and epigenomics.
The integration of data from these different plat-
forms, especially at the single-cell and spatial levels,
provides a comprehensive understanding of the
molecular mechanisms underlying immunological
processes in cancer.
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function (Table 2). These techniques are
critical to capture the dynamic nature of
cellular phenotypes both from single-cell
proteomics and transcriptomics assays.
Computational algorithms are advancing
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information at the RNA level is weighed higher to differentiate be-
tween myeloid subsets. This observation suggests that distinct
molecular profiling technologies may be required for the study
of specific immune cell populations or functions. Current tech-
nologies often have a trade-off between the depth of molecular
profiling and breadth of cells profiled, which must also be
considered in the design of studies of the immune system in can-
cer. Large-scale consortia, such as the Human Tumor Atlas
Network (HTAN) are developing comprehensive multimodal at-
lases of single-cell datasets from intratumoral and peripheral leu-
kocytes as community resources for analysis of immune cell traf-
ficking at scale.®®

COMPUTATIONALLY DISSECTING IMMUNE CELL
STATES AND TRAJECTORIES

The new high-dimensional technologies have challenged canon-
ical paradigms that restricted our understanding of the immune
system to discrete cell classification using gating strategies on
well-annotated marker genes. Often, studies of leukocyte traf-
ficking through single-cell technologies perform analyses by
applying clustering or transfer learning methods to annotate
discrete leukocyte cell types.®® Such single-cell analyses have
led to the discovery of previously unreported immune cell types

to extend the study of single-cell datasets
from discrete cell types to their continuous
phenotypic state. As one example, these
continuous states can reflect the dynamic
biological process that occurs during cell
state transitions. For example, trajectory
inference methods such as pseudotime
have been used to order cells from a developmental or cell-state
origin to a captured transcriptomic terminus.’® %2715 By
focusing on the dynamic and continuous nature of immune cell
states, these approaches have been applied to unravel the dy-
namic interplay of immune cells within the tumor microenviron-
ment and tumor-draining lymph nodes.?”:'% Trajectory inference
algorithms can be applied to infer transitions between cellular lin-
eages and phenotypes from both single-cell proteomics and
scRNA-seq datasets. The higher-dimensional molecular profiling
from scRNA-seq data can further enable trajectories to serve as
the basis for estimating causal regulatory networks underlying
these fate decisions.'®” Published trajectory inference methods
have been reviewed and benchmarked by others, and compari-
sons of their performance in different trajectory scenarios can
be performed with the package DynVerse.'°® Despite the power
of these methods, trajectory inference often assumes binary
branching in cell fate decisions and relies on a priori knowledge
of the cell type point of origin, often necessitating user input to
guide the directionality of trajectories. To estimate the maturity
of transcripts and infer directionality in the trajectory, RNA veloc-
ity algorithms can be applied to compute ratios of spliced and un-
spliced transcripts.'?®"'° However, the dependence of these
methods on low-dimensional embeddings can introduce biases
that can require careful consideration and evaluation.™""

.| Transcriptome
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Table 2. Example packages implemented in multimodal immune phenotyping and receptor repertoire analysis

Data types Utilities

Algorithms/packages

Developers

Single-cell omics data management, quality
control, standard gene

expression data analysis

FlowSOM

reference immunophenotyping,

pattern learning, and

transfer learning

receptor-ligand modeling

CellPhoneDB

TCR/BCR sequencing TCR-BCR read alignment
to chains, clone read
extraction

ImmunoSEQ

T/B cell repertoires,
clonotypes, peptides,
exome

clonotyping, diversity estimation,
expansion, compositionality

neoepitope specificity/ MHC
prediction

Spatial imaging &
sequencing

profiling of spatially restricted
gene expression modules and
immune interactions in the tumor
microenvironment

spatialGE

spatial interactions of cellular
programs

Seurat Monocle Scanpy
ProjectTILs Azimuth SingleR
patternMarkers projectR cFIT
Domino LIANA NicheNet
MiXCR Trust4 10xVDJ
scRepertoire Immunarch
Immcantation pyTCR scirpy

NetTCR-2.0 TCRconv TCRrex
NetMHCpan MHCFurry
MixMHCpred MixMHC2pred

Seurat Giotto Squidpy

spaceMarkers COMMOT
Ncem Cottrazm CellChat

Hao et al.,°” Qiu et al.,”® Wolf et al.,”’
Van Gassen et al.”®

Andreatta et al.,°° Hao et al.,°” Aran et al.,”®
Stein-O’Brien et al.,”* Sharma et al.,”® Peng et al.”®

Cherry et al.,”” Dimitrov et al.,”®
Browaeys et al.,”® Efremova et al.®®

Bolotin et al.,®’ Song et al.,*” 10x
Genomics Adaptive Biotech

Borcherding et al.,*® Nazarov et al.,®*

Vander Heiden et al.,®® Peng et al.,”®

Sturm et al.®®

Montemurro et al.,®” Jokinen et al.,®®

Gielis et al.,%? Reynisson et al.,”

O’Donnell et al.,”" Gfeller et al.,”” Racle et al.”®
Hao et al.,®’ Dries et al.,**

Palla et al.,” Ospina et al.*®

Deshpande et al.,°” Cang et al.,”® Fischer et al.,”®
Xun et al., % Jin et al.’*"

Differentiating transient cell phenotypes and distinct cell
lineages with these methods still requires a combination of as-
sessing the levels of transcriptional variation after dimension
reduction and manual interpretation of the embedding, which
may introduce biases and affect reproducibility. Unsupervised
machine learning approaches such as matrix factorization pro-
vide one tool to evaluate distinct cell lineages and transient phe-
notypes of immune cell states from both single-cell proteomics
and scRNA-seq data. These algorithms have been found to
concurrently infer cellular phenotypes, cellular function, and
dynamics in a single analysis approach without reliance on a pri-
ori knowledge.®® Matrix factorization has been applied to im-
mune cell trafficking in cancer immunology, providing valuable
insights into the heterogeneity of immune cell populations,
their functional states, and the dynamic interactions that
occur during immune responses.®®''? Further advances in topic
modeling,""®"'* autoencoders,'’® and other deep learning
methods''®""" are being developed to overcome the linearity
assumptions in matrix factorization and thereby model more
complex cellular relations for both single-cell proteomics and
scRNA-seq technologies.

Both supervised and unsupervised approaches should be
considered when working with immunomics data. Supervised
learning leverages a combination of prior biological knowledge
or reference atlases to annotate cells. When labeled, this facili-
tates further differential expression analyses or, in the case of
multiomics data, regulatory analysis within these cell subtypes.
However, a drawback to supervised learning approaches is the
ability for de novo discovery of cell subtypes or phenotypes or
discovery of novel gene-regulatory programs associated with
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immune regulation. Unsupervised learning methods can
discover the cellular and molecular pathways in a data-driven
way, using prior knowledge as a guide to contextualize and
annotate these findings. As an example, unsupervised learning
methods for matrix factorization and trajectory inference can
further provide a dynamic rather than a static method of studying
multiple co-expressing features using continuous weights.®®
This can be applied to study immune cell trafficking by quanti-
fying state transitions using weighted matrix factors or trajectory
inference metrics, such as pseudotime, to compare between tu-
mors and the periphery. However, without tracing the same cell,
all of these single-cell assessments of trafficking directionality
are limited to correlations between samples. Additionally,
profiling with these dissociation-based single-cell technologies
disrupts immune structures that are critical for mediating the im-
mune response. These limitations require that single-cell tech-
nologies are paired with spatial omics approaches and in vivo
preclinical models that allow cell tracing and time course
analysis.

TRACING CLONAL FAMILIES USING RECEPTOR
REPERTOIRES AS BARCODES

During their development, T cells and B cells undergo germline
DNA recombination to generate a diverse repertoire of antigen
recognition receptors, T cell receptors (TCRs), and BCRs,
respectively."'®""® These receptors have an affinity for non-
self antigens with the potential to elicit an adaptive immune
response signaling cascade.'?° A TCR or BCR recognizes a sin-
gle or narrow range of antigens. T cells and B cells with shared
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receptor sequences are considered clonally related to each
other. These shared sequences can serve as cellular barcodes
to trace clonal families as they clonally expand, migrate between
tissue structures, and develop into functional subunits (Figure 3).

Although immune cell states reveal important features of im-
mune niches, allowing inferences about their net-sum effects
in the tumor microenvironment, determining TCR and BCR
repertoires is a critical step toward revealing important adap-
tive immune processes in tumors and lymph nodes.'?" In prin-
ciple, each T cell and B cell will have a unique antigen receptor
expressed at its surface. The identification of tumor-specific
repertoires can be used to track clonally expanded T and B
cell families and trace them across tissues and the periph-
ery.'”? Immune receptor sequencing to determine TCR or
BCR sequences allows a detailed analysis of repertoire diver-
sity and clonality.’*®> The comprehensive characterization of
the immune TCR and BCR repertoire provides the opportunity
to understand the mechanisms of immune recognition and
response.'?* Bulk TCR and BCR approaches, either using
DNA-based or mRNA capture-based sequencing, can provide
a compilation of T cell receptors TCRa, TCRB, TCRy, TCRJ,
and immunogbulin (IG) chains IGH, IGK, and IGL. In this bulk
sequencing approach, however, paired chains with functional
signatures are lost. Parallel transcriptome and TCR/BCR sin-
gle-cell sequencing can recover paired receptors, which en-
hances downstream capabilities for clonotyping and clone
origin prediction.’*®> These technologies also provide tran-
scriptional profiles of the cells for each TCR/BCR sequence,
further allowing cellular phenotyping. Moreover, multiomics
profiling has been extended to concurrently measure cognate
antigen specificities, TCR sequences, targeted gene expres-
sion, and surface protein expression from tens of thousands
of single cells. Tetramer-associated TCR sequencing high
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Figure 3. Tracing clonal families using recep-
tor repertoires as barcodes

Functional assessment of clonal expansion in re-
ceptor repertoire sequencing data can shed light on
the nature of systemic and localized adaptive im-
mune responses. Clonotype assignments extend
measures of repertoire diversity and clonal expan-

Tumor sion. Comparison of de novo sequenced receptor
. . chains with reference databases can provide esti-
U Microbial  mates of target antigen origins. Spatial TCR/

BCR sequencing or multiplex in situ hybridization
methods to spatially resolve hyperexpanded re-
ceptor chains of interest help contextualize the
trafficking of a B cell or T cell clonal family within the
tumor microenvironment and tumor-draining lymph

Tumor nodes.

dimension (TetTCR-SegHD) utilizes pep-
tide-encoding DNA oligos to generate
corresponding peptides loaded onto
MHC molecules with a DNA barcode.**
Tetramer staining, using peptide-loaded
MHC tetramers conjugated to DNA-bar-
coded streptavidin, in combination with
AbSeq staining using a panel of 59
DNA-barcoded antibodies and a DNA-barcoded anti-CD50
antibody, facilitated the integration of TCR sequencing, anti-
gen specificity, gene expression, and phenotyping in tens of
thousands of single-cells for multiple antigens at once. The in-
ventors applied this technology in a proof-of-concept study in
type 1 diabetes patients to identify antigens that preferentially
enrich cognate CD8" T cells and discovered a TCR that cross-
reacts with antigens associated with diabetes and microbio-
tas. These single-cell multi-immunomics platforms elucidate
functional measurements and simultaneously track lympho-
cytes, using receptor repertoires as unique clonal identifiers.

Furthermore, special consideration should be placed on
the underlying biology in question as well as costs before
choosing between these technologies. Bulk TCR/BCR
sequencing approaches, in addition to being the most afford-
able, typically result in greater overall sequencing depth
compared with single-cell TCR/BCR approaches, which are
limited by the total viable cell sampling.'®® However, gating
and enrichment strategies in combination with power calcula-
tions to estimate the number of total cells required to
adequately sample lymphocytes of interest may improve over-
all repertoire sampling.'?”-'?8 In addition to these specialized
TCR/BCR profiling technologies, several tools have been
released to extract both TCR and BCR chains from
sequencing data, including bulk and single-cell RNA-seq,
such as MIXCR®" and Trust4.®> While specialized libraries
can improve the depth of sequence recovery, these tech-
niques can serve as valuable estimates of sequences in sam-
ples with limited biospecimens for additional profiling or
enable assessment of immune characteristics in public
domain tumor atlases®>'?%"'3% Application of immune receptor
repertoire sequencing technologies and their corresponding
data analysis methods have identified an influx of novel
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Figure 4. Variables that affect T cell receptor
interactions with presented peptides in hu-
mans

HLA-peptide-TCR interactions form the basis of
adaptive immune responses, where the major his-
tocompatibility complex (HLA) molecules present
antigenic peptides to T cell receptors (TCRs) on
T cells. The diverse range of HLA alleles and TCR
repertoire sequences enables the immune system to
recognize a wide range of antigens, but this
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T cell clonal families in tumors after immunotherapy, including
checkpoint blockade'' and vaccination,’*? in humans.

DECODING IMMUNE RECEPTORS AND EPITOPES

TCRs recognize antigens in the context of MHC presentation
and, under co-stimulation, elicit a signaling cascade that may
promote anti-tumor immunity.'*®* TCRs are heterodimers of o
and B or v and 3 chains. Although the $ chain contains the vari-
able region and, thus, the majority of the diversity, capturing and
pairing the two chains together provide the most accurate repre-
sentation of TCR binding specificity. Similarly, in BCRs, including
immunoglobulin G (IgG) antibodies, most of their diversity is from
its heavy chain, IGH, but pairing light IGL chain information is
likely required for a complete understanding of the potential an-
tigenicity. Although estimates vary, the estimated total possible
diversity of immune receptors ranges from 10"" to as high as
10"® different specificity.’®* This vast diversity is combined
with human leukocyte antigen (HLA) allele diversity, which further
complicates the degrees of freedom for antigen presentation
and recognition. It is unsurprising, therefore, that there is a lack
of information necessary to decipher in silico which interactions
between TCRs, BCRs, and their antigens are productive in terms
of initiating a robust adaptive immune response (Figure 4).
Recent computational approaches that leverage the output of
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the latest sequencing platforms mentioned
previously, such as single-cell or spatial
TCR sequencing and whole-exome
sequencing, have brought us closer to
achieving this goal."®® However, predict-
ability may be limited if the sequence
does not reflect the three-dimensional
structure of TCR-MHC interactions
requiring alternative structural modeling
approaches.'*°

Interpretation of immune cell repertoire
data can be challenging and requires
careful computational analysis and
consideration of limitations. Generally, di-
versity estimation and clonotyping to
compute expanded TCR and BCR clonal
families are considered helpful steps in re-
ceptor repertoire analysis because the
expanse itself indicates a productive anti-
gen recognition event that prompted a proliferation of the im-
mune cell. Diversity metrics estimating clonal aspects such as
population evenness and richness can assist with the interpre-
tation of repertoire dynamics in the tumor microenvironment.
Differences in diversity metrics and repertoire composition pro-
files between tissues, such as between primary and metastatic
tumors, can hint at discordant adaptive immune responses.
Packages are available to facilitate these standard analyses,
such as Immunarch,’®” Immcantation,'*® and others (Table 2).
For efficient computation of overlap between adaptive immune
repertoires, CompAIRR quantifies overlap of convergent im-
mune response patterns using exact and approximate
sequence matching.'*° If single-cell or spatial transcriptomic
experiments were conducted in parallel with receptor repertoire
sequencing, the two modalities can be paired using the R/Bio-
conductor package scRepertoire®® or scirpy®® in Python to
extend clonality assessment with functional profiling. It should
be noted that sampling bias in most single-cell sequencing ap-
proaches influences the estimation of immune receptor reper-
toire diversity metrics. This bias could also result in missing
the observation of clones identified in related samples, such
as tumors and adjacent lymph nodes. Taking that bias into
consideration, hyperexpanded clonal receptor families located
intratumorally may suggest local expansion in response to
tumor antigens, self-antigens, or viral/microbial antigens in
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tumors. If identified hyperexpanded TCRs found intratumorally
also show enrichment of signatures related to T cell activation
and cytotoxic response, this prompts cloning a TCR for further
experimental investigation for its role in T cell-mediated tumor
immunity and cytotoxicity.

To extract functional insights from these sequencing data, al-
gorithms have attempted to featurize antigen-specific TCRs.
TCRdist calculates distance metrics between TCR sequences,
which can be applied to group TCR chains into clusters based
on sequence similarity. Each TCR cluster can be inferred to
recognize similar MHC-bound peptides under the assumption
that a significant sequence overlap translates to a greater
probability of binding domain structure similarity.’*° GLIPH
(grouping of lymphocyte interactions by paratope hotspots)
identifies TCR specificity groups based on shared structural
features, offering a deeper understanding of T cell recognition
and immunity.’*' Deep learning methods are now applied to
improve TCR-epitope associations. DeepTCR employs deep
learning to uncover TCR sequence patterns and their associa-
tions with antigens.'*” TEIM-Res leverages a deep learning
framework to analyze TCR-epitope interactions at a granular
level, overcoming data scarcity challenges and providing a
valuable understanding of the molecular foundations of binding
mechanisms."**

Beyond population-level clonal dynamics of TCRs and
BCRs, comparison of de novo-sequenced receptor chains with
previously reported, and ideally validated, receptors can greatly
improve the interpretation and sophistication of analyses. Differ-
entiating viral from cancer-specific receptors can shed light on
the viral pathogenesis of certain cancers or the increased
immunogenicity that might occur as a result of receptor promis-
cuity toward cancer antigens. Web tools such as VDJdb,'**
TCRrex,*® and TCR-Explore'*® provide visual interfaces to re-
ceptor sequence analysis and access to compiled sequencing
data. The Immune Epitope Database and Analysis Resource
(IEDB) provides a compilation of B cell and T cell epitope predic-
tion tools, including structural analysis, immunogenicity, and
MHC binding."“® It should be mentioned that accurate immune
receptor epitope inference is challenging to perform without
prior neoantigen and HLA allele identification.?”:'*” MHC class
| and class Il peptide binding prediction has been attempted
through tools leveraging artificial neural networks (ANNSs), such
as NetMHCpan®® and MHCFurry.®" Gartner et al.,’*® however,
demonstrated that the use of a random forest classifier on pep-
tides from multiple tumor types outperforms the ANN ap-
proaches. Prediction of TCR interactions with MHC-peptide
complexes, on the other hand, remains extensively complex. A
“shallow” convolutional neural network (CNN) implementation
tool, NetTCR, demonstrated that the use of paired TCR
sequencing data greatly improved the capacity for TCR speci-
ficity prediction.®” A deep CNN, AlphaFold, combined with a
classifier also recently demonstrated binding specificity predic-
tion using fine-tuned protein structure prediction on a range of
both class | and class Il peptide-MHC interactions.'*° TCRconv,
a deep protein language model, also extracted contextualized
motifs that improved TCR-epitope accuracy.®® Altogether, these
advancements mark the beginning of an era in which big data of
immune receptors are leveraged to model complex interactions
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between immune receptors and antigens. Eventually, this may
lead to a better understanding of the sources of inflammation
in immune-enriched tissue structures or whether a therapeuti-
cally targeted epitope is indeed inducing an expected immune
response.

SPATIAL TECHNOLOGY INNOVATIONS TO
MOLECULARLY PROFILE IMMUNE STRUCTURES

Single-cell work in systems immunology has answered key
questions regarding cell state composition in tumors and the pe-
riphery."*° Although revolutionary, the spatial tissue distribution
of the profiled dissociated single cells from solid tissue is lost,
which limits our understanding of the complex biological archi-
tectures in which these cells exist.°" Additionally, molecular
profiling methods such as immunofluorescence orimmunohisto-
chemistry have been limited in the range of molecular targets
that can be assayed simultaneously. However, innovations in
multiparameter spatial omics technologies have become an in-
flection point in systems immunology as advances in proteomic
and transcriptomic technologies have allowed highly multi-
plexed imaging and spatial sequencing. These new technologies
offer new opportunities to molecularly characterize immune infil-
trates within complex biological architectures, such as tumors
and regional draining lymph nodes.

Commercially available high-parameter proteomic platforms,
such as highly multiplexed immunofluorescence imaging
(e.g., CyCIF;"®" PhenoCycler, Akoya; COMET, Lunaphore) and
mass-based cytometry imaging (e.g., Hyperion, Standard
BioTools; MIBI-TOF, lonpath) offer low-dimensional (relative to
transcriptomic platforms) but fairly high-throughput targeted
protein profiling at subcellular resolution. These provide high-fi-
delity phenotyping and have been applied to query immune
infiltrate compositions in specific immunological contexts,
including tumors,'°>'°® as well as regional draining lymph no-
des."®* Genome-wide spatial sequencing and probe-based tis-
sue imaging methods spanning biological modalities, including,
DNA, RNA, protein, and chromatin, have also been recently
developed and implemented to spatially resolve immune signa-
tures within convoluted cellular architectures (Table 1). Spatial
transcriptomics platforms, such as genome-wide mRNA-seq
(Slide-seqV2;*° Visium, 10x Genomics), digital spatial profiling
(GeoMx, Nanostring), and massively multiplexed RNA in situ hy-
bridization (MERFISH; Vizgen; Xenium, 10x Genomics; CosMXx,
Nanostring), have offered opportunities to conduct high-dimen-
sional molecular characterization of immune-enriched regions of
interest in tumors and metastatic lymph nodes.

These emerging spatial molecular technologies offer an un-
precedented opportunity to deeply profile the spatial architec-
ture of immune tissue structures. The technical strengths and
weaknesses of these spatial omics platforms have been re-
viewed previously in depth.'**'*° Three important consider-
ations should be taken: spatial resolution, sample type compat-
ibility, and molecular depth. Spatial resolution refers to how
precisely a quantified molecule, such as RNA or protein,
can be pinpointed in the spatial plane to generate multicell,
single-cell, or subcellular resolved data. Sample type compati-
bility mainly refers to whether protocols for formalin-fixed
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paraffin-embedded (FFPE) or frozen tissue sample processing
are available. Molecular coverage refers to the number of mole-
cules that are measured, whether it is across 50 protein markers
or genome wide. As listed above regarding the available technol-
ogies and in Table 1, some technologies have greater molecular
coverage but lower spatial resolution and vice versa. Thus, we
advise careful weighing of these factors in addition to consider-
ation of sample size and cost. Overall, deciding which spatial
technology to use is dependent on the underlying biology of in-
terest and the cellular and molecular resolutions required to
investigate it. Within the scope of immune cell infiltration in tu-
mors, inquiries regarding specific immune cell types of interest
and their spatial neighborhoods can often be addressed with
proteomics. However, unbiased genome-wide molecular
assessment of the immune landscape of tumors necessitates
spatial RNA-seq methods, which currently report transcriptomes
at a 10- to 55-um resolution (specific resolutions are reported in
Table 1) for Visium or in specified regions of interest for GeoMx.
Subsequently, subcellular validation of findings can be imple-
mented with a more targeted probe-based imaging method,
including CosMx, Xenium, and MERFISH. For these probe-
based imaging approaches, specialized panels must be de-
signed to target signaling pathways, tissue structures, cell types,
and cell states of interest. To optimize panel design, single-cell
transcriptomics datasets can help refine molecular targets to
maximize the number of cell states extracted within a panel’s
probe capacity. These spatial technologies can be integrated
to expand the capability of immunologists to understand im-
mune cell trafficking and responses against tumors. Applied to
intratumoral lymphoid niches following aPD1 therapy in humans,
studies leveraging these technologies have been able to demon-
strate plasma cell propagation from TLSs in renal cell carci-
noma.?® In hepatocellular carcinoma, dendritic cell-CD4* T help-
er cell niches have been observed following PD1 blockade, as
well as a higher frequency of immunosuppressive niches in
non-responders.®’'®”

To examine the spatial landscape of BCRs and TCRs in can-
cer, several options are currently being developed to examine
the spatial localization and cellular context in which they are
found (Figure 3). These new approaches now promise the
improved ability to computationally reconstruct the evolution of
lymphocytes within and between the tumor microenvironment
and secondary and tertiary lymphoid organs. Spatial protocols
that locate TCRs and BCRs on tissue slides have emerged. Hud-
son and Sudmeier®® combined a commercial spatial transcrip-
tomics protocol for frozen tissues that uses 3' mRNA capture
chemistry to recover TCRp from the cDNA obtained from the tu-
mor samples, thereby generating spatially indexed de novo
TCRB CDR1-CDR3 sequences.®® Modifying the same spatial
transcriptomics commercial protocol, Engblom et al."*® com-
bined long-read sequencing and BCR ampilification to spatially
reconstruct lymphocyte clonal dynamics in human tissue. Both
of these protocols rely on commercial slides, which have
spatially barcoded spots with a diameter of 55 um. Applied to
metastatic tumors in the human brain, spatially indexed TCR
sequencing in parallel with Visium spatial transcriptomics re-
vealed niches of clonally unrelated and phenotypically distinct
CD8* T cells."™
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It should be noted that the level of spatial resolution can be
limiting when applying spatial receptor repertoire sequencing
because lymphocytes can be particularly small (~8 upm)
compared with an average human cell (20-30 pum), making their
signal relatively easy to mask by larger cells."®® This could result
in mis-estimation of the TCR repertoire and transcriptional pro-
files of cells within sampled spatial neighborhoods. Notably,
Liu et al.*>° published the slide-TCR-seq method, which demon-
strated higher (10-pm) resolution than Visium combining whole-
transcriptomic and TCR spatially indexed in situ sequencing.*®
These de novo 3' mRNA-seq approaches, however, rely on
fresh-frozen tissue samples and cannot be applied in FFPE,
which is currently only compatible with a probe-based chemis-
try. Nonetheless, de novo TCR and BCR discovery with bulk
approaches can be carried out in FFPE. When clonal families
of interest are identified, custom panels of oligonucleotide
probes targeting these TCRs and BCRs can be imaged using
FFPE-compatible transcriptomic digital spatial profiling technol-
ogies. Altogether, spatially mapping hyperexpanded TCR and
BCR sequences enables clonal repertoire comparisons between
immune-enriched tissue structures to infer immune cell traf-
ficking and local adaptive immunity.

DEFINING INTERACTOMES OF DIVERSE CELL TYPES
INVOLVED IN IMMUNE CELL RECRUITMENT,
ORGANIZATION, AND FUNCTION IN CANCER

In addition to T and B lymphocytes, many cell types have been
identified as key modulators of immune responses in can-
cer.'®"1%2 Characterized by potent immunosuppressive activity,
certain populations of myeloid cells contribute to tumor progres-
sion via the inhibition of antitumor immune responses.’%%"5
These myeloid cells have been demonstrated to contribute to
the formation of T cell exclusion zones in tumors through the
secretion of various chemokines and cytokines,'®° thereby pro-
moting tumor growth and metastasis.'®® Monocytes are pivotal
in the initiation and maintenance of inflammatory responses.'®”
Within the tumor microenvironment, monocytes may differen-
tiate into tumor-associated macrophages (TAMs), which display
heterogeneous functionality contingent on their cell state.'®®
TAMs and tumor-infiltrating dendritic cells (DCs) such as mature
regulatory DCs (mregDCs) have been shown to regulate the
recruitment and function of other immune cells, such as T and
B lymphocytes and natural killer (NK) cells, within the tumor
microenvironment, thereby directly impacting the immunological
response to neoplasms.'®®'"? As the most abundant leukocyte
population in human blood, tumor-associated neutrophils are
also integral to the initial stages of immune response to tumors
and, depending on the context, can exhibit both protumorigenic
and antitumorigenic effects.'” 72

The tumor stroma and lymphatic vessels have been found to
undergo extensive remodeling and expansion within the tumor
microenvironment.”*° Non-immune cells associated with the tu-
mor stroma, such as cancer-associated fibroblasts (CAFs), also
play many crucial roles in cancer progression, including the
exclusion of T cells from the tumor core via extracellular matrix
(ECM) remodeling or expression of immunosuppressive mole-
cules.'”® Overexpression of key vascular endothelial growth
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factors by CAFs and tumor cells promotes the formation of new
vessels and enlargement of lymphatic vessels, which enhances
tumor growth and dissemination.’”* An enhanced vasculature
can also allow more efficient infiltration of leukocytes, such as
plasma cells producing tumor-specific immunoglobulins within
the tumor microenvironment.”>'"®

In this era of high-dimensional immunomics, we can now
begin to model these complex network interactions in the tumor
microenvironment. Single-cell and spatial omics data offer the
opportunity to infer intercellular signaling within the tumor micro-
environment.'”® In scRNA-seq data, tools such as NicheNet,”®
Domino,”” CellChat,'®" LIANA,”® and CellPhoneDB,?° provide
easy unbiased implementation of cell communication modeling.
Using these tools in modeling immune signaling networks has re-
vealed interactions among immune cell subsets, such as co-
dependent intercellular communication between exhausted
T cells and macrophages within tumor regions.'”” Extending
these capabilities to spatial transcriptomics data is an active
and open area of research, but tools such as CellChat are
already applicable to the Visium platform. Recent work on spatial
data also demonstrated the extraction of gene expression pro-
grams at tumor-immune boundaries.?”'°%'"® However, it should
be noted that, although these tools can report putative interac-
tions based on known ligand-receptor pairs, the corresponding
cellular communication networks could be inflated and thus war-
rant orthogonal validation at the protein level.

FUTURE DIRECTIONS AND CLINICAL OPPORTUNITIES

Immune cell trafficking is a dynamic and complex process that
plays a critical role in cancer biology, autoimmunity, infection,
and regenerative processes.”’ Thus, the utilization of high-
dimensional single-cell and spatial technologies to track the
migration of immune cells across the body over time holds
immense potential in clinical trials and, eventually, clinical prac-
tice. In the context of cancer, cutting-edge approaches allow
monitoring of immune cells and their molecular changes over
time, providing researchers with a deeper look into the tumor
microenvironment and periphery. In this review, we discuss mul-
tiomics technologies, from bulk, single-cell, and spatial ap-
proaches to profile tissue types involved in mediating response
and resistance to immunotherapies. Specific approaches are
more appropriate for certain sample types over others. For
instance, single-cell approaches are more suited for blood
than spatial approaches. Studies leveraging tissue samples
such as tumors and lymph, on the other hand, could benefit
from both single-cell and spatial approaches. Analyzing multiple
sample types requires a multiomics pipeline, including immune
receptor repertoire sequencing, to identify clonally and tran-
scriptionally related subpopulations that are either shared or
distinct. A systems-level approach provides a comprehensive
view of immune response dynamics in cancer and its impact
on therapeutic response.

We covered computational methods that can be applied to
analyze these data modalities in diverse immunological con-
texts. These analyses can be used to identify new cell states
and markers for therapeutic targeting to develop more effective
treatment interventions.'”®'%° For instance, by molecularly
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profiling T cells and B cells for phenotypes in tandem with
TCRs and BCRys, it is possible to classify B and T cells based
on common and disparate characteristics to generate a compre-
hensive immune model of disease etiology and progression.””
High-dimensional immunomics can also be used to examine im-
mune responses to vaccines, checkpoint blockade, and other
immunotherapies in development at high resolution, lending in-
sights into how immune responses are modulated by these treat-
ments."'®" Highly resolved cellular and molecular maps can be
critically useful in developing and evaluating novel targets for im-
munotherapies.'®%'®® Chimeric antigen receptor T cells (CAR-T
cells), for example, although having demonstrated great success
in non-solid tumors, still lack efficacy in solid tumors."'®* One of
the significant challenges in solid tumors is the loss of inflamma-
tory effector functions.'®® Multiomics data from tumor and non-
malignant tissues enables investigation of CAR-T cell persis-
tence, antitumor efficacy, or even related toxicities by examining
T cell states.'®® The computational frameworks described here,
such as using receptor sequences as barcodes, could assist
with tracking these engineered cells and uncover patterns that
might explain this loss.

Profiling immunomes sampled during cancer treatment can
generate patient-specific insights regarding response or resis-
tance to therapy, thereby holding immense clinical utility poten-
tial.’®” For example, in the case of tumor progression, a more
detailed view of changes in immune cell populations can help
distinguish true tumor cell growth from immune infiltrate-induced
tumor swelling.'®® Additionally, in temporal studies, such as lon-
gitudinal or time course studies, computational snapshots of the
immune system could be stitched together to trace patient re-
sponses across time with respect to treatment challenges and
disease progression.'®® Altogether, clinical and preclinical ef-
forts made to expand and enhance immunotherapies can benefit
from synergizing with the computational frameworks discussed
here. As many of these technologies become increasingly
more mainstream and cost effective, streamlining sample pro-
curement for immunomics while conserving sample quality
could massively expand our machine learning training sets
aimed toward discovery. To achieve this, sample procurement
and processing options should be made compatible with both
clinical standards of practice and immunomics. On the technical
side, our ability to maximize data depth extracted from valuable
clinically sourced samples will rely on integrating multimodal
data concurrently using in situ sequencing technologies.
Combining whole-exome sequencing with receptor repertoire
sequencing, transcriptomics, and proteomics could allow us to
feasibly align HLA subtyping, predicted neoantigens, and func-
tionally characterized T cell and B cell receptors within the
same patient.

Although many immunomics approaches discussed here help
discern clinically and biologically relevant immune correlates,
such as immune signatures or repertoires, they do not yet substi-
tute experimental models that physically track individual cells
temporally and in situ. Much of our understanding of immune
cell trafficking in lymphoid organs has been based on studies
leveraging congenic mouse models, fluorescence probes, and
in situ imaging.'®® Microscopy, especially intravital microscopy,
offers a direct window into the dynamics of immune cell
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interactions and movements within living tissues. ' Intravital im-
aging, using multiphoton technology and specific near-infrared
lasers, has profoundly transformed our understanding of cell dy-
namics in immune functions, such as the interactions between
antigen-specific T cells and dendritic cells within the lymph no-
des, shedding light on the kinetics and dynamics of this pivotal
immunological interaction.’®? Live imaging has had major impli-
cations in detailing directionality in highly resolved niches
lymphoid organs, such as the bidirectional movement of B cells
between the two germinal center (GC) zones."** In vivo imaging
methods with extended imaging windows applying photoacti-
vatable green fluorescent protein (PA-GFP) and multiphoton
laser scanning microscopy better reveal dynamics of interzonal
migration and affinity-based selection during the humoral
response.'®* Combining these experimental methods with
omics approaches allows expansive hypothesis generation
and clinical correlation with mechanistic exploration. While this
review focused on technologies and studies in humans, adapting
these techniques to mouse models and in vitro culture can
enable further temporal tracking with imaging and barcoding
as well as mechanistic, experimental validation. Altogether, syn-
ergizing methods to hack the adaptive immune repertoire holds
immense promise in computationally reconstructing immune
processes across tissues, including cancer immunoediting, tu-
mor microenvironment immunomodulation, and lymphocyte
trafficking, to ultimately improve immunotherapy.
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