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Abstract

Oncogenic viruses are associated with ~10% of cancers and play key roles in tumor development, yet
how they remodel the tumor microenvironment to drive immune evasion and shape treatment re-
sponses remains poorly understood. Consequently, viral status remainsmostly diagnostic rather than
prognostic, leading to identical treatments against virus-associated cancers, despite growing evidence
of different treatment responses. This dissertation addresses this gap by focusing on Epstein-Barr
Virus (EBV), the prototypical human oncogenic virus that infects >90% of the population and is as-
sociated with several aggressive lymphoid malignancies. These include classic Hodgkin Lymphoma
(cHL) and Diffuse Large B-cell Lymphoma (DLBCL), with EBV positivity in ~25% and 5–15% cases
respectively.
Through spatial proteomics and transcriptomics, EBV was found to be major factor impairing

antitumor immunity by spatially reorganizing the tumor microenvironment. In cHL, EBV-positive
tumors were distinctly enriched in cytotoxic CD8 T-cells surrounding malignant cells that retained
MHC Class I, yet these T-cells were reprogrammed into terminal exhaustion through direct engage-
ment with malignant cells, a process associated with the viral oncogene LMP1. In DLBCL, EBV dis-
rupted a macrophage:CD4:tumor immunomodulatory axis leading to down-regulated MHC Class
II and suppressed CD4 T-cell activity, a process also linked to LMP1. In parallel, several techno-
logical advancements were made: IN-DEPTH, a same-slide spatial multi-omics method enabling si-
multaneous proteomics and transcriptomics profiling; SGCC, a computational tool developed by
colleagues at Ohio State University that uses graph Fourier transform to detect spatially coordinated
gene-regulatory programs between cell populations; and the incorporation of proximity labeling to
detect molecular interactions in situ.
The findings presentedherein demonstrate howEBVexploits distinct immunoevasivemechanisms

across lymphomas, revealing therapeutic vulnerabilities overlooked by current virus-agnostic treat-
ment approaches. The methodological innovations further expand the spatial biology toolkit with
broadly applicable experimental and computational strategies. By integrating virology, immunology,
cancer biology, and spatial biology, this dissertation also represents a framework for future systems-
level investigations across diverse contexts.
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0
Introduction

Cancer is among the leading causes of deaths worldwide, with approximately one in four

people developing cancer during their lifetime101. A substantial amount of research has thus been de-

voted to uncovering the etiology and developing treatment strategies for cancer. Over recent decades,

viruses have been increasingly recognized as major contributors to cancer development, with an esti-

mated 10%of new cases linked to viral infections154. For these virus-associated cancers, viral infections
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are present in anywhere from 1–100% of cases depending on the cancer type154. Despite this, current

clinical practices treat these cancers with identical approaches regardless of viral status, which remains

primarily diagnostic and carries limited prognostic value.

A key reason for this disconnect is thatmuch of our understanding of viral oncogenesis remains fo-

cused at themolecular scale, examining virus-host interactions primarily within the cancer cell. While

such knowledge is essential, cancer is not merely a hyperproliferative cell. It is a highly organized

ecosystem of malignant, immune, and stromal cells organized within a structured tumor microenvi-

ronment that collectively promote tumor growth. This complexity underpins the hallmarks of cancer,

such as evading immunedestruction and sustainingproliferative signaling81,82,80. To generate insights

that bridge molecular findings with clinical features, a systems-level dissection of the tumor microen-

vironment in situ, comparing cohorts of virus-positive and virus-negative tissue samples, is required.

Until recently, this has been impeded by the lack of technologies capable of enabling high-resolution,

spatially-resolved analysis of the tumor microenvironment.

Technological advances over the recent years have led to the emergence of spatial biology26. These

approaches enable the simultaneous detection of thousands of biomolecules within the native tissue

context, a significant advancement beyond traditional low-parameter profiling approaches, while cir-

cumventing the limitations of dissociative assays. As a result, these advances have enabled a shift from

molecular to systems-level understanding of cancer biology, as it is now possible to thoroughly dissect

the tissue architecture and reveal the spatially coordinated cellular programs that govern tumor devel-

opment. Importantly, this provides a unique opportunity to investigate virus-mediated remodeling

of the tumormicroenvironment, a step towards developing virus-informedprognostics and treatment

strategies for cancer.

This dissertation details how Epstein–Barr virus, the prototypical human oncogenic virus, remod-

els the tumor microenvironment in lymphoid malignancies through innovative spatial proteomics

and transcriptomics approaches. It also introduces experimental and computational innovations that
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extend the potential of spatial biology to diverse disease contexts. Together, the biological and techno-

logical advances presented herein establish a framework for future spatial biology studies andmotivate

the development of virus-informed strategies for cancer treatment.
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Gentlemen, it is the microbes who will have the last word.

Louis Pasteur

1
Viruses and Cancers: EntwinedMaladies of

Subversion and Survival

The idea that viruses can cause cancer was a radical notion over a century ago, as cancers

were formally thought to arise solely from genetic mutations. It was not until 1911, when Peyton

Rous demonstrated that a chicken sarcoma could be transmitted using a cell- and bacteria-free tumor
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Virus Cancer % virus-positive patients

EBV

Classic Hodgkin Lymphoma ~25%

Diffuse Large B-Cell Lymphoma ~10-15%

Primary Central Nervous System Lymphoma ~5%

Nasopharyngeal Carcinoma ~90%

Gastric Cancer ~10%

HPV

Cervical Cancer >95%

Oropharyngeal Cancer ~60-70%

Anal Cancer ~90%

Vaginal Cancer ~70%

Penile Cancer ~50%

HBV Hepatocellular Carcinoma (HCC) ~50-65%

HCV
Hepatocellular Carcinoma (HCC) ~20-30%

Non-Hodgkin Lymphoma ~15%

HTLV-1 Adult T-Cell Leukemia / Lymphoma >95%

KSHV Kaposi’s Sarcoma >95%

MCPyV Merkel Cell Carcinoma ~80%

Figure 1.1: The seven human oncogenic viruses and examples of associated cancers. Note that the percent of patients
with viral infections can significantly differ based on geography and immune status, and these numbers shown here reflect
a global estimate. This dissertation will focus on EBV in classic Hodgkin Lymphoma and diffuse large B‐cell lymphoma, as
highlighted in red.

extract169. The causative agent, eventually known asRous Sarcoma virus, earned him theNobel Prize

in Physiology or Medicine in 1966, marking the longest interval between a scientific discovery and its

Nobel recognition. This seminal finding established a precedent for infectious carcinogenesis and

transformed the cancer biology field, eventually paving way for the recognition of human oncogenic

viruses.

Since then, viruses were found to contribute substantially to the global cancer burden. It is es-

timated that around 10% of all human cancers are attributable to viral infections154. To date, seven

viruses are known tobeoncogenic inhumans (Figure 1.1): Epstein–Barr virus (EBV), humanpapillo-

mavirus (HPV), hepatitis B virus (HBV), hepatitis C virus (HCV), human T-cell lymphotropic virus

type 1 (HTLV-1), Kaposi’s sarcoma-associated herpesvirus (KSHV), and Merkel cell polyomavirus

(MCV). Viruses, being obligate parasites, have evolved diverse sophisticated machineries to counter-
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Figure 1.2: The hallmarkers of cancer. Last updated in 2022, this framework was developed to distill the complexity of
cancer into unifying biological principles. It currently encompasses ten core hallmarks (left), with emerging features (right)
continuing to refine this model as research advances. Cancer cells acquire these hallmarks progressively over time, each
contributing to their ability to survive, proliferate, and reshape the tumor ecosystem. Figure from Hananan, 202280.

act host antiviral responses and ensure their persistence. For oncogenic viruses, each is equipped with

distinct mechanisms of oncogenesis that contribute to the hallmarks of cancer, ultimately subverting

control by host immune responses to ensure survival of the infected malignant cell — and in turn,

themselves.

Cancer is best understood not as a disease of a rogue cell, but as a complex ecosystem of multi-

ple interacting cell types that actively shape a tumor microenvironment, where cancer hallmarks are

progressively acquired as normal cells evolve towards a malignant neoplasm81,82,80 (Figure 1.2). Im-

portantly, oncogenic viruses express viral oncogenes that can directly contribute to these hallmarks.

For example, to enable cellular replicative immortality, EBV latent membrane protein 1 (LMP1) con-

stitutively activates NF-κB signaling198, and HPV E6 and E7 proteins degrade p53 and Rb respec-

tively171,25. Notably, virus-positive cancer cells generally harbor lower mutational burdens than their

virus-negative counterparts139. This supports the notion that viruses can directly participate in tu-

morigenesis, such as subverting cellular checkpoints and promoting survival of the malignant clone.
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Although our understanding of cancer has been transformed and now viewed as a cohesive bio-

logical entity, relatively little effort has been devoted to contextualizing oncogenic viruses within this

framework. The molecular functions of viral oncogenes may have received much research attention,

but they are largely described from in-vitro studies; any links to clinical diseases are usually associa-

tive or speculative. Consequently, viral infection status in clinical settings is typically considered only

from a diagnostic standpoint, and virus-associated cancers continue to be treated the same way as

their virus-negative counterparts. To address this gap, this dissertation focuses on B-cell lymphomas

associated with EBV, the first discovered human oncogenic virus.

EBV was co-discovered in 1964 by Anthony Epstein, Bert Achong, and Yvonne Barr during their

investigation of Burkitt lymphoma64. EBV is a ubiquitous gammaherpesvirus infecting >90% of the

global population, yet paradoxically is associated with only a relatively small number of B and epithe-

lial cell malignancies. These include classic Hodgkin lymphoma (cHL), Diffuse Large B-Cell Lym-

phoma (DLBCL), Burkitt lymphoma, nasopharyngeal carcinoma, and gastric carcinoma176, among

others. In addition, EBV is also the causative agent of infectious mononucleosis89 and has recently

been identified as a major risk factor for multiple sclerosis20. Despite the consensus that EBV is an

oncogenic virus, these inconsistencies have fueled the long-standing controversy on whether EBV is a

casual driver or a passenger in tumorigenesis.

At the cellular level, EBV can readily transform quiescent B-cells into immortalized lymphoblas-

toid cell lines in vitro150, reflecting its oncogenic potential. In vivo, EBV infection is accompanied

by the establishment of distinct latency programs, each defined by the expression of different viral

latent oncogenes and associated with particular malignancies105,137 (Figure 1.3). For example, EBV-

positive cHL is proposed to exist in latency stage II marked by the expression of EBV nuclear antigen

1 (EBNA1), LMP1, and LMP2, whereas EBV-positive DLBCL is thought to exist in both latency

stages II and III, the latter stage encompassing a broad expression of EBNA and LMP oncogenes. Al-

though these latency stages were traditionally viewed as rigid categories, emerging evidence suggests
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Figure 1.3: Proposed model of EBV latency stages and associated cancers during its infection cycle. Figure from Münz,
2019 137.

substantial heterogeneity, with lytic and latent genes expressed beyond their canonical contexts16,207.

Furthermore, a considerable number of these viral genes contribute to the cancer hallmarks, demon-

strating the oncogenic properties of EBV (Figure 1.4). This challenges the classical model of EBV la-

tency and points to amore active and context-dependent role for EBV in tumorigenesis, with dynamic

latency programs that enable evasion of host immunosurveillance to maintain long-term persistence.

This also underscores the need for single-cell profiling of EBV viral oncogene expression in malignant

cells within the native tumor microenvironment.

Far less is known about the role of EBV in shaping the tumor microenvironment. EBV has been

linked to the secretionof immunomodulatory cytokines and expressionof immune checkpoints across

various lymphomas41,168,192. For example, EBV-positive malignant cells often upregulate interferon-

related genes and overexpress PD-L1, two mechanisms that can induce T-cell exhaustion202. These

processes can have major implications for remodeling the EBV-positive tumor microenvironment to
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Figure 1.4: EBV encodes numerous genes across its lytic and latent stages that can contribute to all aspects of the cancer
hallmarks. Adapted from Mesri et al., 2014 130 & Dorothea et al., 2023 62.

ensure tumor survival and progression5, yet they remain poorly understood to date. Attempts to

address these gaps include using humanized mouse models to explore tumor-immune interactions

and therapeutic interventions93,135. These systems offer limited insights as EBV infection is restricted

to humans, reflective of a strong co-evolutionary relationship across millennia210. As a result, non-

human hosts often fail to recapitulate the complexity of EBV biology and the human tumormicroen-

vironment.

Dissecting the mechanisms of EBV-driven remodeling of the tumor microenvironment thus re-

quires the study of human biopsy samples in situ. However, progress has been constrained by techno-
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logical limitations. Conventional histological, immunohistochemical, and in-situ hybridization ap-

proaches detect only a few targets, whereas assays with higher throughput typically require sample

dissociation that sacrifices spatial context, a critical feature of tumormicroenvironment organization.

This gap has hindered mechanistic insight of the EBV-positive tumor microenvironment and iden-

tification of potential therapeutic vulnerabilities, contributing to the lack of consideration for EBV

status in clinical practice.

Addressing this challenge from both biological and technological perspectives forms the central

motivation of this dissertation. Recent technological breakthroughs have heralded the dawn of spatial

biology, making it possible to visualize biomolecules in situ at the transcriptome and proteome scales.

These approaches provide an unprecedented opportunity to dissect how oncogenic viruses remodel

the tumor microenvironment and influence disease outcomes.
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Progress in science depends on new techniques, new discov-

eries, and new ideas, probably in that order.

Sydney Brenner

2
Charting NewDimensions: The Rise of

Spatial Biology

A fervent biotechnological revolution over the past decade marked the emergence of spa-

tial biology, offeringunprecedentedmethods for genome-wide profiling of biomolecules directly from

intact tissues in situ. These technologies preserve native tissue contexts unlike traditional assays that
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Spatial Proteomics

Platform Plex Modality Reference

MIBI >40 ToF-SIMS [6]

IMC >40 ICP-MS [73]

Opalc 7 Multiplexed IF [182]

CODEXd >40 Multiplexed IF [74]

IBEX >40 Multiplexed IF [158]

MICS >40 Multiplexed IF [109]

Orion 16 Multiplexed IF [117]

COMET >40 Multiplexed IF [161]

Spatial Transcriptomics

Platform Plex Modality Reference

MERFISHa 1k Single-molecule FISH [35]

Visium Genome Poly-A capture [183]

Slide-seqb Genome Direct RNA capture [163] [186]

GeoMx 18k Probe-based capture [129]

DBit-Seq Genome Direct RNA capture [119]

CosMx 18k Single-molecule FISH [87] [107]

Xenium 5k Single-molecule FISH [100]

VisiumHD 18k Probe-based capture [145]

Figure 2.1: Commonly used spatial platforms. Although these platforms are all spatially resolved, they vary in their capabil‐
ities and can be tailored to answer different biological questions. This is not an exhaustive list, and new platforms continue
to be developed today. FISH, fluorescence in situ hybridization; ICP‐MS, inductively coupled plasma mass spectrometry;
IF, immunofluorescence; ToF‐SIMS, time‐of‐flight secondary ion mass spectrometry. aCommercial MERSCOPE released
by Vizgen in 2022. bSlide‐seqV2, with higher efficiency and spatial resolution, was released in 2022. cAlso known as
Mantra or Vectra Polaris prior to acquisition by Akoya, and then rebranded as Phenoptics in 2024. dRebranded as Pheno‐
Cycler in 2022. For more information regarding each technology: MERFISH35, Visium 183, Slide‐seq 163,186, GeoMx 129,
DBit‐seq 119, CosMx 87,107, Xenium 100, VisiumHD 145, MIBI 6, IMC 73, Opal 182, CODEX 74, IBEX 158 MICS 109, Orion 117,
COMET 161. Adapted from Aliazis et al., 2025 3.

dissociate cells and obscure tissue architecture, thus enabling the study of nucleic acids and proteins in

relation to cellular interaction and organization. They are also applicable to archival Formalin-Fixed

Paraffin-Embedded (FFPE) tissue blocks, the gold standard of clinical tissue preservation, thus un-

locking the ability to analyze decades of carefully curated biobank specimens. The exceptional impact

has been broadly recognized, with Nature Methods naming spatial transcriptomics the “Method of

the Year” in 2021131 and extending to spatial proteomics in 2024132. These technologies are now

indispensable for systems-level study of disease mechanisms.

The rapidly expanding field is currently fueled by the development of innovative chemistries and

imaging approaches, leading to a diverse set of platforms that enable spatial transcriptomics and spatial

proteomics profiling (Figure 2.1). Each platformbuilds on prior limitations to optimize throughput,

signal-to-noise, spatial resolution, and efficiency (Figure 2.2), offering distinct advantages when se-

lecting the most suitable platform for a given application. This dissertation focuses on the use of
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Figure 2.2: Key considerations for spatial omics studies. For spatial transcriptomics (left), while high‐coverage single‐cell
analyses enable precise dissection of cell states, this often comes at the expense of whole‐tissue insights and may lack the
high signal‐to‐noise ratio that bulk approaches offer (left). For spatial proteomics (middle), a well‐balanced panel incorpo‐
rates both phenotyping and functional targets for a comprehensive investigation of tumor microenvironment constituents
and cellular interactions within. As numerous experimental procedures occur before a tissue sample reaches the labora‐
tory, spatial omics data are highly sensitive to experimental confounders across multiple levels (right); ensuring meticulous
control over these factors is essential for producing high‐quality and interpretable data that reliably capture the tumor’s
molecular landscape. TMA, tissue microarray. Figure from Aliazis et al., 20253.

four platforms, each with unique strengths and limitations: the GeoMx129 and CosMx87 for spatial

transcriptomics, and the Multiplexed Ion Beam Imaging (MIBI)6 and CO-DEtection by indeXing

(CODEX)74 for spatial proteomics.

The GeoMx Digital Spatial Profiler129, introduced by Nanostring in 2020, provides a high de-

gree of flexibility in defining spatial regions to profile. It relies on a small panel of antibodies (≤3) to

identify regions of interest, which are used to guide transcriptome capture through a panel of probes

targeting >18,000 protein-coding transcripts. Each probe is conjugated to a unique barcode via a

UV-photocleavable linker, where upon UV illumination, barcodes are released for next-generation

sequencing to quantify the expression level of each gene within each capture region (Figure 2.3).

Limitations for the GeoMx include the ability for UV-cleaved barcodes to diffuse in aqueous media

and contribute to nonspecific signals, as well as the lack of single-cell resolution. Nonetheless, from

experience, the GeoMx retains robust signal-to-noise, making it ideal for macro-scale profiling to cap-

ture broad functional states across user-defined regions of interest. Note that while the GeoMx offers

13



Figure 2.3: GeoMx experimental procedure. A tissue section is hybridized with RNA detection probes that contain unique
oligonucleotide barcodes connected via UV‐photocleavable linkers. Fluorophore‐conjugated antibodies are also stained
to visualize the tissue, from which regions of interest are selected for UV‐cleavage, and the barcodes are collected for
next‐generation sequencing to profile each region’s trancriptome. The protein‐based readout uses the same approach by
labeling antibodies with unique barcodes. Figure from Bergholtz et al., 202117.

an orthogonal protein-based readout using barcoded antibodies instead of RNA-targeting probes, it

was not used here in favor of single-cell spatial proteomics platforms.

The CosMx SpatialMolecular Imager87, also introduced byNanostring in 2022, advances the Ge-

oMx by enabling imaging of individual RNAmolecules. Individual cell boundaries are defined with

an antibody cocktail, while RNAs are detected using probes labeled with combinatorial barcodes.

Across iterative imaging cycles, each probe generates a unique sequence of fluorescent signals that,

when demultiplexed, identifies the specific transcript. This combinatorial strategy dramatically ex-
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Probe hybridization Cyclic readout
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Figure 2.4: CosMx experimental procedure. A tissue section is hybridized with RNA detection probes containing an ex‐
tended RNA‐specific readout domain that encodes n reporter cycles using a Hamming weight of 4. Sets of fluorescent
reporters are then sequentially hybridized to these readout domains, imaged, and then photocleaved, enabling repeated
rounds of signal detection. Each RNA punctum generates a sparse, 4‐color barcode distributed across the n imaging
cycles. The bottom table shows an example using 4 fluorophores across an 8‐cycle design (theoretical coding space of
17,920): only RNA spots with exactly four “ON” cycles are decoded, and the specific combination of ON‐cycle positions
and fluorophore identities determines the target gene. Adapted from He et al., 202287.

pands detection capacity: by using m fluorophores across n cycles and limiting the readout to only

4 of the n cycles to improve specificity, the theoretical coding space is (nC4)m4. This enables a sub-

stantial number of transcripts to be resolved at single-molecule resolution (Figure 2.4). However,

this precision comes with significant trade-offs, with slower acquisition, smaller spatial coverage, and

reduced signal-to-noise, especially when attempting high-plex or large-area profiling. In practice, the

CosMx is most effective for dissecting specific functional states underpinning spatially coordinated

processes within well-defined tissue regions.

The MIBI6, developed by the lab of Garry Nolan at Stanford University in 2014, adapts princi-
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Stain with antibody cocktail MIBI imaging Multiplexed image

Figure 2.5: MIBI experimental procedure. A tissue section is stained with cocktail of antibodies, each conjugated with a
unique metal isotope, which are detected by rastering the tissue pixel‐by‐pixel using primary charged ions. This process
liberates secondary ions measurable by time‐of‐flight mass cytometry to generate an N‐dimensional multiplexed image.
Figure from Keren et al., 2019 106.

ples from CYtometry by Time-Of-Flight (CyTOF)15 to tissue imaging. The fundamental principle

leverages on staining tissues with a panel of antibodies, each conjugated to a unique monoisotopic

lanthanide reporter. A primary ion beam is then rasterized across the tissue pixel-by-pixel, releasing

secondary ions that are detected via time-of-flight mass spectrometry190 (Figure 2.5). This approach

provides high sensitivity and avoids tissue autofluorescence, producing spatially-resolved multiplexed

proteinmaps at single-cell resolution. However, limitations include the availability of isotopes restrict-

ing antibody panels to ~40markers, the destructive imaging process preventing reuse of tissues for fur-

ther assays, and themoderate imaging resolution (~0.78 μm per pixel). Image processing pipelines for

mass spectrometry imaging are also less mature compared to fluorescence-based workflows, resulting

in slower data turnaround times. Nonetheless, the MIBI excels in visualizing highly autofluorescent

tissues and in contexts where detecting low-abundance proteins is critical.

The CODEX74, also from the Nolan lab in 2018, represents a major innovation in fluorescence-

based imaging. It relies on staining tissues with a panel of antibodies, each conjugated to a unique

oligonucleotide barcode, which are detected through iterative cycles of hybridization, imaging, and

stripping of fluorophore-conjugated complementary oligonucleotides. This cyclic immunofluores-

cence approach generates individual image channels that, when stitched together, reconstructs the tis-

sue architecture at a single-cell resolution21 (Figure 2.6). A key advantage ofCODEX is its scalability:
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Stain with
antibody cocktail Cyclic imaging Multiplexed image

Figure 2.6: CODEX experimental procedure. A tissue section is stained with cocktail of antibodies, each conjugated with
a unique oligonucleotide barcode, which are detected by hybridizing a fluorophore‐conjugated complementary oligonu‐
cleotide. Through repeated hybridize‐image‐strip cycles, this process generates an N‐dimensional multiplexed image.
Adapted from Black et al., 2021 21.

the 20-nucleotide barcodedesign yields 420 (~1 trillion) possible combinations, and thus constrains are

mostly restricted to imaging logistics rather than chemistry: by usingm channels to image an n-sized

panel, a total of ⌈n/m⌉ cycles is required, which may potentially degrade the quality of biomolecules

on the tissue due to extensive microfluidics treatment. Nonetheless, the fluorescence imaging ap-

proach preserves tissue morphology and enables higher imaging resolutions (<0.6 μm per pixel) de-

pending on the microscope used, which are major benefits over mass cytometry imaging approaches

(MIBI6, IMC73). However, challenges include tissue autofluorescence, point-spread function, and

signal spillover that contribute to nonspecific signal, which can be partially alleviated through com-

putational correction12. The CODEX combines scalability with streamlined workflows and, being

nondestructive, offers potential for integration with complementary assays.

Spatial biology represents not only a technical advance but also a conceptual one, as spatial dimen-

sion is now recognized as an essential axis of biological function. For example, the proximity between

malignant cells and exhausted immune cells within the tumor microenvironment can directly reveal

cellular interactions driving tumor progression before the specific molecular pathways are identified.
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Figure 2.7: Spatial omics can advance our understanding of tumor microenvironmental responses and inform precision
treatment approaches. By leveraging paired patient cohorts (e.g. Responders vs. Nonresponders, EBV‐positive vs. EBV‐
negative), this establishes a functional link between molecular and tissue‐level features based on clinical outcomes. These
insights may guide rational design of therapeutics that help reshape the tumor for improved patient responses. ICB,
immune checkpoint blockade; TME, tumor microenvironment. Figure from Aliazis et al., 20253.

This perspective has also transformed the approach towards tumor heterogeneity, a long-standing bar-

rier in cancer biology, as heterogeneous signaling programs are often shaped by spatial relationships

between distinct cell populations208. By contextualizing molecular programs within the intact tissue

architecture, spatial biology enables a holistic view of the tumormicroenvironment, guiding the ratio-

nal design of therapeutic interventions aimed at reshaping it to improve clinical outcomes3 (Figure

2.7). This integrative perspective is increasingly recognized as a cornerstone of cancer research.

Each new advance in spatial biology enables the generation of increasingly large datasets that often
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comprise genomic-scale molecular features measured across millions of cells. Managing this complex-

ity has empowered a parallel revolution in computational biology that fortuitously coincide with the

rapid rise of artificial intelligence. For example, supervised deep-learning models now enable segmen-

tation ofmillions of cells withinminutes34 and accelerate the classification of cell types fromweeks to

days173, self-supervised approaches can detect rare cell populations that are indistinguishable within

a single modality212, and foundation models are currently trained to identify features of tissue or-

ganization predictive of clinical outcomes174. These computational advances are no longer ancillary

but constitute a discipline of their own, propelling spatial biology beyond descriptive mapping and

towards mechanistic, predictive models of disease. This synergy has created an exceptionally fertile

environment for transformative discoveries.

Important limitations remain despite the rapid advances in spatial biology. Spatial transcriptomics

and proteomics remain largely separate modalities, constraining the depth of biological insights by

limiting the number of biomolecules that can be detected simultaneously. Each platform has comple-

mentary strengths and weaknesses: spatial transcriptomics offer broad feature coverage and pathway-

level insights but is limited by post-transcriptional processes and inconsistent RNA-protein correla-

tions51, whereas spatial proteomics directly capture molecular functions with high signal but lower

multiplexing capacity. Integrating these technologies can overcome their individual shortcomings, ad-

dress challenges in data cross-registration across different tissue sections, and enable significantlymore

comprehensive understanding of complex biological systems. Furthermore, analytic frameworks con-

tinue to lag behind experimental progress, with a lack of harmonized spatial multi-omics approaches

to dissect coordinated biological programs that drive cell states and interactions. Proteomics and tran-

scriptomics also dominate the field, with other modalities such as glycomics and metabolomics re-

maining largely in their infancy, further limiting the ability to capture the full biochemical complex-

ity of tissues. Finally, current methods also provide static snapshots of dynamic processes, restricting

insights about temporal interactions.
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Overcoming these challenges is essential to address the complex question of how viruses remodel

the tumor microenvironment. This motivated the introduction of a platform-agnostic, same-slide

spatial multi-omics profiling approach, a new computational framework for integrated analysis of

proteomics and transcriptomic features, and proximity labeling to directly measure molecular inter-

actions in situ. Together, these advances establish a framework to interrogate virus–host interactions

at an unprecedented resolution to reveal how oncogenic viruses remodel the tumor microenviron-

ment, while being broadly applicable across diverse biological systems.
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The important thing in science is not somuch to obtain new

facts as to discover new ways of thinking about them.

Lawrence Bragg

3
ANew Frontier: IntegratedMultimodal

Profiling on a Single Slide

Current attempts at spatialmulti-omics typically rely on serial tissue sections, with one sec-

tion processed for transcriptomics and another for proteomics, due to the independence of these spa-

tial technologies. This strategy is highly ineffective for several reasons. First, adjacent tissue sections
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Figure 3.1: Schematic overview of IN‐DEPTH, where spatial proteomics is used to guide targeted transcriptome capture
on the same slide in a platform‐agnostic manner. Figure from Yeo et al., 2024189.

differmorphologically, complicating the interpretation of spatially coordinated biological events. Sec-

ond, the approach is time-consuming and resource-intensive, due to the cost and complexity of each

assay. Third, data integration across separate tissue sections is non-trivial, asmorphological differences

and assay-specific biases hinder robust alignment and interpretation of multi-omics features. Fourth,

batch effects accumulate exponentially with each added experiment, and can easily lead to inconsis-

tent conclusions. Although there are efforts to combine protein and nucleic acid imaging129,109,102,53,

one modality is typically much lower in throughput than the other due to experimental and techni-

cal constraints. Consequently, analysis of spatial transcriptomics and proteomics datasets are typi-

cally performed independently, generating only associative biological relationships between orthog-

onal readouts, while true integrated analysis remains limited. The advancements introduced herein

address these limitations and enable spatial biology to be revisited from a new perspective.

3.1 Development of IN-DEPTH to enable same-slide spatial multi-omics

IN-DEPTH(IN-situDEtailedPhenotypingToHigh-resolution transcriptomics)189 overcomes these

limitationsby enabling spatial proteomics and spatial transcriptomics captureon the same slide. Single-
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Figure 3.2: Comparison of IN‐DEPTH with other existing spatial‐omics approaches. Beyond offering same‐slide multi‐
omics data, IN‐DEPTH is significantly more efficient in cost, time, and resources, and thus is highly scalable. Figure from
Yeo et al., 2024 189.

cell spatial proteomics is performed first to enable rapid phenotyping of the tissue architecture, which

in turn guides subsequent targeted spatial transcriptomics capture on the same slide at regions of inter-

est identified from spatial proteomics (Figure 3.1). Performing spatial proteomics first also avoids the

waste of transcriptomics reads on tissue artifacts that are invisible to RNA assays alone. By combin-

ing both modalities in sequence, IN-DEPTH enables a streamlined and resource-efficient approach

for multi-omics data capture within a single tissue section, reducing resource demands compared to

whole-slide transcriptomics while ensuring that transcriptomics data is always biologically relevant

(Figure 3.2).

The success of IN-DEPTH required careful optimization to preserve molecular integrity and spa-

tial context. Three key aspects were addressed:
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1. Molecular stability: Spatial transcriptomics workflows often include chemical (acid/base) or

enzymatic (protease) reverse-crosslinking steps to increase RNA accessibility. However, these

treatments damage protein epitopes and can even degrade tissue morphology if used exces-

sively, negatively impacting both immunofluorescence and histological staining. To mitigate

this, spatial proteomics imagingwas always performedfirst, followedby tissue fixation immedi-

ately after antibody staining. Additional fixation steps were also introduced after RNA probe

hybridization, and reverse-crosslinking was only used sparingly. These adjustments ensured

the stability of both proteins and RNA throughout the entire assay.

2. Buffer and temperature compatibility: Each spatial platform requires different buffers and con-

ditions, risking morphological or osmotic artifacts if interchanged haphazardly. Consistent

hydration in buffered saline (pH 7.0–7.4) within a controlled temperature range (4–40°C)

was found to preserve tissue morphology across all platforms. Antigen retrieval was also stan-

dardized using a pH 9.0 buffer at 97°C for 10-20minutes and performed using a temperature-

controlled PT module, avoiding boiling or pressure-cooking approaches that often introduce

batch-to-batch inconsistencies. Tissues were also equilibrated to room temperature before ex-

posure to drastic temperature changes.

3. Cross-platform image alignment: Nuclear staining was used as the reference for image align-

ment, as it displayed the least variabilitywhen imaged ondifferent platforms. Alignment across

imaging modalities was reliably achieved using the Scale-Invariant Feature Transform (SIFT)

algorithm120 for feature detection and description, followed by brute-force matching across

sections.

These careful optimizations enabled sequential spatial profiling on the same tissue section, estab-

lishing IN-DEPTH as a unified spatial multi-omics workflow designed to preserve tissue integrity

across platforms. In brief, following antigen retrieval, tissue sections were blocked to minimize non-
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specific interactions (e.g. donkey serum for antibody binding and sheared salmon sperm DNA for

oligonucleotide-based readouts). A pre-titrated panel of conjugated antibodies tailored to the specific

spatial proteomics platformwaspooled into a single cocktail, filtered to remove aggregates, and applied

on the tissue at either room temperature for 2 hours or 4°C overnight. After antibody staining, tissues

were stabilized through a series of fixation steps (e.g. paraformaldehyde and/or methanol and/or bis-

sulfosuccinimidyl suberate) to preserve molecular andmorphological integrity prior to imaging. Spa-

tial proteomics imaging was then performed, typically completing within 24-48 hours depending on

the number of imaging cycles. Upon completion, slides were immediately removed from the imaging

platform and exchanged into platform-compatible buffers (e.g. 1× PBS, 2× SSC) to prepare for tran-

scriptomics processing. Where required, a mild and carefully optimized reverse-crosslinking step (e.g.

protease digestion, high pH)would be applied, followed by hybridizationwithRNA-targeting probes

for 16–24 hours under the recommended conditions. After post-hybridization washes, nuclear stain-

ing and broad morphology antibodies are applied to facilitate tissue visualization and selection of re-

gions of interest. Spatially-resolved transcriptome capture would then be performed accordingly via

the corresponding platform’s chemistry. Finally, tissue sections were retained for H&E staining to

assess tissue integrity and annotation accuracy by board-certified pathologists. While specific imple-

mentation details may vary across platforms, the overarching workflow principles remain largely con-

sistent, provided tissue disruption is minimized. This sequential design thus enables protein-guided

transcriptomic interrogation while maintaining spatial fidelity across both modalities.

The performance and generalizability of IN-DEPTH was systematically evaluated across multi-

ple tissue and disease types using four spatial proteomics and four spatial transcriptomics platforms

with proven records in research and clinical settings. The spatial proteomics platforms (CODEX74,

SignalStar149, Polaris182, Orion117) were selected for their whole-slide imaging capabilities, preserva-

tion of tissue integrity, and diversity of imagingmethodologies including cyclic immunofluorescence,

signal amplification, and spectral deconvolution. The spatial transcriptomics platforms (GeoMx129,
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Figure 3.3: IN‐DEPTH retains protein & RNA quality across various spatial modalities and tissue types. Adapted from Yeo
et al., 2024 189.
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VisiumHD145, CosMx87, Xenium100) were selected as they represented different balances of spa-

tial resolution, gene coverage, and imaging chemistry. Note that IN-DEPTH is incompatible with

mass cytometry imaging approaches (MIBI6, IMC73) due to their inherent destructive nature during

the imaging process. Two adjacent sections were used for benchmarking: one processed with IN-

DEPTH and the other with the corresponding transcriptomics platform alone as a control (Figure

3.3). Both slides were subsequently stained with hematoxylin and eosin (H&E) for morphological

assessment by board-certified pathologists. As expected, the quality of spatial proteomics staining and

imaging was preserved across all cases. Importantly, spatial transcriptomics profiling demonstrated a

strong positive correlation between IN-DEPTH and control slides for all platforms (R > 0.9) except

for Orion-GeoMx (R = 0.692), and comparable amounts of genes were captured throughout. Non-

binding control probes also remained consistently low, indicatingminimal background. These results

demonstrate that IN-DEPTH is robust, generalizable, and platform-agnostic. TheCODEX–GeoMx

combination was selected for further development: the CODEX provides rapid whole-slide imaging

whereas the GeoMx provides genome-wide transcriptome profiling with precise regional selectivity,

thus maximizing efficiency and cost-effectiveness when used together.

The ability for IN-DEPTH to identify biologically meaningful features was assessed using the

CODEX-GeoMx implementation on tonsil tissue sections. A 12-plex antibody panel targeting key

cell populations was applied for CODEX imaging, followed by genome-wide transcriptome capture

on theGeoMx (Figure 3.4). A point to note is that the default GeoMxworkflow129 relies on overlap-

ping fluorescence signals from the three selected antibody markers to delineate cell populations, lead-

ing to a maximum of 23 = 8 cell populations if the antibodies are not mutually exclusive. However,

this approach is highly prone tomisclassification of cell phenotypes due to intrinsic tissue autofluores-

cence that cannot be fully quenched. Upon further investigation, the GeoMx was found to offer the

ability to incorporate customized segmentation masks to guide the instrument on the capture areas.

Further exploration of this feature revealed that at least 30 customized masks can be accommodated
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Figure 3.4: Application of CODEX‐GeoMx on tonsil tissue sections to assess the accuracy of captured biological features.
Cells that could not be classified using these markers were annotated as ”Others”. Adapted from Yeo et al., 2024189.

within each region of interest. This feature was leveraged to its fullest capacity to circumvent the lim-

itation of the default workflow, enabling the incorporation of single-cell segmentation and annotated

cell populations from the CODEX images directly on the GeoMx. Cell phenotypes from spatial pro-

teomics imaging were thus identified through the following steps:

1. Cell segmentation: Individual cell boundaries were identified using the deep learning-enabled

cell segmentation algorithm Mesmer77, as deep learning-based models consistently outper-

form traditional geometry-based techniques34. As Mesmer requires a membrane and nuclear

channel, here, the membrane channel was generated by combining markers that collectively

maximized the coverage of cell boundaries.

2. Single-cell feature extraction: For each marker, the pixel values within individual cell bound-
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aries were summed and normalized by the cell area. The resulting cell-size scaled valuewas used

as the expression value of a given marker.

3. Clustering and annotation: Extracted features were scaled to a standardized [0,1] range, and

phenotyping markers were clustered using Phenograph116. The resulting clusters were anno-

tated by examining the enriched markers, which were visualized through Z-score enrichment

heatmaps and spatial overlays onto the original CODEX images. Clusters lacking clear en-

richment patterns were re-clustered, and this iterative clustering and annotation process was

repeated until no additional cell populations could be resolved.

4. Confirmation: Specificity and accuracy of cell type annotations were assessed by comparing

with staining patterns on the original images and H&E-stained sections from the same or ad-

jacent tissue section. Final confirmatory assessments were provided by board-certified pathol-

ogists prior to transcriptome capture.

Through this approach, a total of 11 cell populations were identified from the tonsil tissues, with

the specificity and accuracy of cell phenotyping and transcriptome capture demonstrated through the

expected enrichment of antibody markers and orthogonal gene signatures127 within each respective

population (Figure 3.5). Importantly, this approach provides the additional benefit of capturing

cell boundaries with greater precision compared to the vanilla GeoMx approach, thereby significantly

improving transcriptome data quality. While itmay be tempting tomaximize the number of captured

cell populations, this comes at the cost of reduced signal-to-noise due to smaller capture areas. For this

reason, the CODEX–GeoMx approach is currently recommended to be limited to approximately 10

cell populations.

The spatial and functional dynamics of lymphocytes in the tonsillar tissue architecture was then

examined by localizing CD4T follicular helper (Tfh) cells despite the absence of Tfh-specificmarkers

such as PD-1 or CXCR5. Tfh cells are known to migrate into B follicles during activation and mat-
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Figure 3.5: Heatmap of antibody expression level fromCODEX data (left) and RNA signature enrichment fromGeoMx data
(middle) from each of the annotated cell population, as well as their relative abundance across the capture areas (right).
Figure from Yeo et al., 2024 189.

Figure 3.6: Capture of Tfh signatures within their correct spatial context (left) and biologically coherent factorized gene
expression programs (right). Figure from Yeo et al., 2024 189.
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uration127. Consistent with this, Tfh gene signatures were significantly enriched in capture regions

dense in follicles, and also positively correlated (R = 0.75) with increasing B-cell abundances across

the capture regions, reflecting Tfhmigration andmaturation dynamics in the tonsil. Tissue-wide cell

type–specific transcriptional programs were then characterized using consensus non-negative matrix

factorization113 to infer predominant gene expression programs for each cell type. Ten gene expres-

sion programs were identified and annotated with Gene Ontology Biological Process signatures10,

each exhibiting cell type–specific distributions aligning with their expected functional activities in

the tonsil127 (Figure 3.6).

The ability to achieve reliable spatial and molecular profiling, from precise cell type identification

to the capture of transitional states and tissue-wide transcriptional programs, establishes IN-DEPTH

as a robust platform for deepmulti-omics investigation of tissue biology. Beyond elucidating detailed

cellular and molecular profiling within native spatial contexts, IN-DEPTH also enables the genera-

tion of data essential towards advancing computational methods for integrated spatial multi-omics

analyses.

3.2 Development of SGCC for integrative spatial multi-omics analysis

Spectral Graph Cross-Correlation (SGCC)189, a mathematical formulation developed by Yuzhou

Chang that and built upon graph signal processing, provides a framework to quantitatively assess

how the spatial organization of cell types relates to functional dynamics, and to dissect their coor-

dinated changes. As any spatial omics feature (e.g. cell phenotype label) can be modeled as a graph

signal30, SGCC leverages the unbiased representation and interpretability of Graph Fourier trans-

form to characterize the distributional relationships between pairs of cell phenotypes. The underlying

graph, when defined as a lattice pixel graph or an irregular cell graph, allows Graph Fourier transform

to project vertex-domain signals into the frequency domain via Fourier modes to yield interpretable
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Figure 3.7: Schematic overview of the SGCCmethodology developed by Yuzhou Chang fromQinMa’s lab at theOhio State
University. Single‐cell patterns from spatial proteomics imaging are binned and encoded through graph Fourier Transform
to generate low‐frequency Fourier coefficients; this is followed by cross‐correlation analysis to identify coordinated spatial
patterns (left). The genes that co‐vary with these spatial patterns are then integrated with models such as ImpulseDE2
and edgeR to link spatial factors with gene expression for functional analysis (right). Figure from Yeo et al., 2024189.

Fourier coefficients. The first k low-frequency modes capture spatially organized components of the

graph signal59,60, providing the basis for quantifying correlations between cell phenotypes in the fre-

quency domain through the similarity of their k-bandlimited Fourier coefficients. Negative SGCC

values indicate reduced spatial co-occurrence, whereas positive values reflect increased co-occurrence

between cell populations. These values can then be tied to gene expression by identifying genes that

co-vary with cellular spatial factors, which can be achieved with ImpulseDE267 that models SGCC

as a continuous covariate, or edgeR162 that treats them as ordinal factors, thereby enabling the rapid

identification of spatially dynamic genes (Figure 3.7).

The performance of SGCCwas benchmarked across a simulation of 80 datasets, each representing

a 60 × 60 pixel graph with ring-like distributions of two cell phenotypes. These simulations varied

in area and complementarity, reflecting both global and local patterns. SGCC scores increased under

locally complementary patterns but decreased under globally complementary ones, indicating that

SGCC effectively distinguishes between different spatial organizations. Another set of 80 simulated

graphs further demonstrated that SGCCcan also discriminate differences in area and spatial proximity
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Figure 3.8: Systematic validation of SGCC using simulated spatial patterns, demonstrating its ability to detect transitions
from global to local complement states (top) and from proximal to distal patterns (bottom). Adapted from Yeo et al.,
2024 189.

between cell phenotype patterns (Figure 3.8). These highlight SGCC’s potential as a sensitive tool

for detecting spatial relationships across heterogeneous spatial contexts.

The applicability of SGCC on spatial multi-omics datasets was evaluated on the CODEX-GeoMx

tonsil dataset, with the goal to resolve nuanced cell state transitions between CD4 T-cells and BCL6-

positive B cells, key regulators of germinal center reactions172. Increasing SGCC scores between these

cell populations reflected coordinated changes in tissuemorphology and cellular organization, includ-

ing elevated cytokine production, enhanced B-cell MHCClass II expression and chromatin reorgan-
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Figure 3.9: Assessment of CD4 T‐cell and BCL6‐positive B‐cell dynamics based on SGCC scoring, showing coordinated
changes in cellular spatial distribution, macrophage polarization states (M1/M2‐like proportion), and gene expression pro‐
grams (top). These results depicting the transitions in T‐B cell interactions across the dark zone (DZ) and light zone (LZ) in
germinal centers (bottom), demonstrating the ability for SGCC to to derive tissue‐level organizational features. Adapted
from Yeo et al., 2024 189.

zation, and stronger T-cell receptor activation and translation initiation. Furthermore, macrophages,

although not scored in SGCC, also showed an increasingly activated profile. These transitions coin-

cided with a shift from global to local complementary spatial patterns, with low SGCC regions align-

ing with self-aggregation of T- and B-cells, and high SGCC regions aligning with B-T cell crosstalk

akin to light zone interactions (Figure 3.9). These results demonstrate the unique insights enabled

by SGCC to reveal spatially coordinated transitions in cellular functional states beyond the capacity

of either spatial modality alone.

While spatial relationships provide a valuable proxy for cellular interactions, many biological pro-

cesses are ultimately governed by direct molecular interactions. For example, exertion of T-cell ex-

haustion through immune checkpoints involve receptor–ligand engagement and intracellular signal-

ing cascades that occur at subcellular scales201,202,11 and cannot be inferred from the distance between

individual cells alone. Capturing these events in situwould therefore provide a complementarymolec-
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ular readout, enabling spatial methods to move beyond descriptive mapping toward mechanistic in-

sights into molecular communications underlying spatially coordinated processes.

3.3 Incorporation of proximity labeling to spatial proteomics

Proximity labeling technologies enable the detection of protein–protein interactions directly within

living cells and intact tissues by labeling the interacting partners with a measurable signal157. Among

themost establishedmethods is the Proximity LigationAssay (PLA)69 that consistently achieves high

specificity and sensitivity in immunohistochemical and immunocytochemical approaches. PLA lever-

ages pairs of oligonucleotide-conjugated antibodies that initiate aDNAamplification cycle onlywhen

the antibody pair simultaneously bind epitopes in close proximity (<40 nm). This double-recognition

strategy, combined with rolling circle amplification of the hybridized oligonucleotide pair, produces

a longDNAproduct that can be visualized by probes labeled with either a fluorophore or horseradish

peroxidase. The resulting fluorescent puncta or chromogenic signal enables visualization ofmolecular

interactions at a single-molecule resolution.

Despite the capability of PLA, it has not been integrated into high-dimensional spatial proteomics.

Such incorporation offers the unique opportunity to bridge the gap between measuring the relative

distance between cells and directly capturing themolecular interactions that underlie their communi-

cation. However, careful optimization was necessary, as PLAwas developed long before the advent of

high-dimensional spatial proteomics. First, PLA antibodies must be applied prior to staining the spa-

tial proteomics antibody panel, as simultaneous application would cause interference with secondary

anti-mouse and anti-rabbit reagents. Second, adjustments must be made to accommodate differences

in assay buffers. Third, the detection strategy for PLAmust be considered. Two complementary PLA

detection strategies were optimized:

1. Fluorophore-labeled probes: PLA signals were imaged directly alongside a nuclear stain. Sig-
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Figure 3.10: Proximity labeling on CODEX spatial proteomics. These representative images are part of a 30‐marker panel
applied on a human tonsil tissue, with PLA incorporated to detect CD4:MHC‐II interactions. Notice the white punctum
localized to HLA‐DR and CD4 but not CD8 boundaries (left), which correspond to interactions with macrophages and B
cells (right).

nals were then removed by incubating the tissue in a warm buffer (37-40°C) containing 90%

dimethyl sulfoxide, which lowers the melting temperature and efficiently displaces the rolling

circle amplification product along with the fluorophore. The PLA image will later be aligned

to the spatial proteomics images via the cross-platform image alignment approach outlined

above.

2. Horseradish peroxidase-labeled probes: PLA was coupled to tyramide signal amplification22,

depositing either a tyramine-conjugated hapten or DNA oligonucleotide barcode directly on

the tissue179,133. The hapten can be detected by including the cognate antibody in the spatial

proteomics panel, whereas the DNA barcode is directly compatible with the CODEX work-

flow. PLA signals will then be captured during spatial proteomics imaging.

Taken together, and building on the optimization principles established for IN-DEPTH, PLAwas

successfully integrated into the CODEX spatial proteomics workflow (Figure 3.10)191, demonstrat-

ing the feasibility of coupling proximity labelingwith spatial proteomics. These optimizations are also

expected to integrate seamlessly across other spatial proteomics platforms.
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3.4 Improvements to streamline antibody panel development

A key requirement for spatial biology is access to antibodies that are specific and compatible with

tissue staining. While many commercial antibodies exist, their performance in FFPE tissues is often

unreliable, as formalin fixation alters protein epitopes. Additionally, antibodies labeled as FFPE com-

patible frequently show inconsistent results, as antigen retrieval conditions vary across vendors. To

address these challenges, a streamlined three-step workflow was developed:

1. Immunohistochemical selection: Commercial antibodies were screened on FFPE tissues un-

der standardized antigen retrieval conditions as described above to ensure consistency, with

reference tissues identified using the Human Protein Atlas resource196. To minimize non-

specific staining, blocking and secondary antibodies were chosen from the same species. For

poorly characterized targets (especially for viruses), paired control cell pellets were generated

(e.g. virus-positive vs. virus-negative, overexpression vs. knockout), embedded into a sup-

porting gel matrix, and processed into FFPE blocks. These FFPE cell pellets were used for the

first-line assessment of antibody specificity prior to evaluation on actual FFPE tissues. Only

antibodies that pass this immunohistochemical screen were advanced to conjugation.

2. Antibody conjugation: Spatial proteomics platforms rely on uniquely barcoded antibodies, but

the conjugation process can destabilize antibody structure and compromise specificity. To

mitigate risks, multiple conjugation strategies were evaluated:

(a) Maleimide chemistry: Antibodies contain cysteine residues vital for forming stable disul-

fidebonds that stabilize their bimonoeric structure tomaintain function. These cysteine

residues can be reduced to expose sulfhydryl (thiol) groups, which can undergo nucle-

ophilic attack on the electrophilic maleimide moiety linked to barcodes, forming stable

thioether linkages90. While highly robust chemically, this approach requires antibody
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reduction, which destabilizes its native structure and increases the risk of degradation

and irreversible loss of specificity.

(b) Click chemistry: As antibodies are rich in primary amines such as lysine side chains, N-

hydroxysuccinimide (NHS) ester can first be used to conjugate reactive azide groups to

the antibody. This reaction proceeds efficiently under mildly alkaline conditions as ly-

sine residues existing beyond the isoelectric point result in a significant proportion of

deprotonated amines. These amine nucleophiles can then attack the electrophilic NHS

ester to form stable amidebonds90. Afterwards, the azide groups can reactwithbarcodes

linked to dibenzocyclooctyne (DBCO) through the strain-promoted azide–alkyne cy-

cloaddition (SPAAC) reaction that produces stable triazole linkages. A key benefit of

this “click” reaction is its copper-free andbioorthogonal naturewhile proceeding rapidly

under physiological conditions180. Although the SPAACstep is highly specific andmin-

imally disruptive, antibody stability is still affected by the initial NHS ester coupling

step.

(c) Direct Fc conjugation: As Protein A from Staphylococcus aureus has high affinity for the

Fc region of antibodies, this property was exploited in the the oYo-link approach97,96,95,

which enables light-activated, site-specific conjugation to the Fc domain through an en-

gineered antibody-bindingprotein. This protein, ProteinZ,was derived fromProteinA

and incorporates a UV-active benzophenone cross-linker within its Fc-binding domain,

as well as a functional moiety at its C-terminus. For the oYo-link method, barcodes are

first conjugated to Protein Z (via maleimide or click chemistry) and subsequently pho-

tolinked to the Fc region of the antibody. While this avoids direct antibody destabi-

lization, it is restricted to immunoglobulin G antibodies, yields lower degree of labeling

that lead to weaker signals, and further limited by the potential degradation of Protein
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Z after barcode conjugation.

3. Imaging validation: Conjugated antibodies were tested using the desiredmultiplexed imaging

workflow to assess retention of epitope specificity. Ideally, the tissue type used would be the

same as used for initial immunohistochemical staining to enable direct comparison. Successful

antibodies were retained in the panel, while those failing validation were either re-conjugated

using an alternative chemistry or replaced with a different clone, after which the workflowwas

repeated.

The antibody panels used hereinwere expanded upon on a published reference set152 to cover addi-

tional relevant targets. Immunohistochemical and immunofluorescence stainings were performed on

tissues generously provided by collaborators at the Dana-Farber Cancer Institute. Given the labori-

ous and resource-demandingnature of antibodypanel development, antibody clones and conjugation

strategies were reportedwith eachmanuscript, thereby providing valuable resources for the pathology

and spatial biology communities.

Altogether, these advances establish a frameworkwhere spatial proteomics and transcriptomics can

not only be registeredwithin the same tissue section using IN-DEPTH, but also integratedwith com-

putational approaches such as SGCCandmolecular assays such as PLA to resolve spatial organization

across multiple levels. This framework also serves as the foundation for the mechanistic dissection of

how Epstein-Barr virus remodels the lymphoma tumor microenvironment.
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All truths are easy to understand once they are discovered;

the point is to discover them.

Galileo Galilei

4
Reprogramming the Dysfunctional

Immune Landscape of Lymphomas

Fatal diseases of the lymphnodes has been described for centuries but were usually attributed

to tuberculosis, oneof thedeadliest infectiousdiseases known tomankind. In1832,ThomasHodgkin

reported the clinical histories and postmortemfindings of seven patients characterized by the unusual,
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Figure 4.1: H&E staining of EBV‐positive (left) and EBV‐negative (right) cHL samples. Yellow arrows point to the distinctive
giant multinucleated HRS cells which are morphologically indistinguishable by EBV status. Viral status is determined by
in‐situ hybridization of the viral non‐coding RNA EBER1.

progressive enlargement of lymph nodes and spleens — but in patterns distinct from tuberculosis,

syphilis, and other known causes of glandular swelling at the time91. Although initially overlooked,

the condition was rediscovered in 1856 by Samuel Wilks203, who provided further clinical descrip-

tions and introduced the eponym “Hodgkin’s Disease”, thereby establishing classic Hodgkin Lym-

phoma (cHL) as a distinct entity.

cHL became a key subject of investigation over the next century, with breakthrough discoveries

closely paired with technological advances. The microscopic identification of giant multinucleated

malignant cells by Carl Sternberg in 1898184 and Dorothy Reed in 1902160, now termed Hodgkin

and Reed–Sternberg (HRS) cells, established the pathognomonic hallmark of the disease (Figure

4.1). Soon after, application of newly-discovered X-rays167 led to the first documentation of tumor

regressions in 1902156, and by the 1950s, curative radiation therapies were available151,103. This was

followed by the development of multi-drug chemotherapy regimens, from MOPP55 (Mustard, vin-

cristine (a.k.a. Oncovin), Procarbazine, Prednisone) in 1964 to ABVD24 (doxorubicin (a.k.a. Adri-

amycin), Bleomycin, Vinblastine, Dacarbazine) in 1975, with the latter remaining the first-line treat-
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Figure 4.2: H&E staining of EBV‐positive (left) and EBV‐negative (right) DLBCL samples, each showing a characteristic
diffuse sheet of atypical lymphoid cells. Malignant cells are not morphologically distinguishable based on EBV status like
in cHL, but they can also be difficult to differentiate from non‐malignant activated or germinal center B cells. Viral status
is also determined by in‐situ hybridization of EBER1.

ment today. Once a death sentence, cHL now stands among the greatest medical successes, with the

majority of patients curable through a combination of modern treatments that include chemother-

apy, radiotherapy, and immunotherapy.

Thepioneering efforts in cHLresearch laid the foundation for the recognitionof other lymphomas.

Over the decades following the discovery of cHL, several additional lymphoid malignancies with dis-

tinct clinical and pathological features were identified, leading to the division of lymphomas into two

broad categories: Hodgkin lymphoma and non-Hodgkin lymphoma. While this division is largely

historical, it is still relevant due to their distinct pathobiology and clinical presentation. Among the

non-Hodgkin lymphomas, the most common and clinically significant is Diffuse Large B-Cell Lym-

phoma (DLBCL) (Figure 4.2) that comprises ~30% of cases.

DLBCL is a highly heterogeneous lymphoma that encompasses diverse molecular subtypes that

differ in pathogenesis and clinical outcomes32. Initially classified under broad morphological terms

such as “reticulum cell sarcoma” or “diffuse histiocytic lymphoma”159, DLBCL was eventually con-

solidated as a distinct entity through advances in genotyping, immunophenotyping, and classification
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frameworks85. Its treatment history paralleled these advances, progressing fromCHOP (Cyclophos-

phamide, doxorubicin (a.k.a. Hydroxydaunorubicin), vincristine (a.k.a. Oncovin), Prednisone) in

the 1970s128 to R-CHOP with the addition of the anti-CD20 antibody rituximab in the 1990s46,

which remains the modern standard of care. However, unlike cHL, DLBCL remains a formidable

challenge, with outcomes that vary widely and a considerable fraction of patients experiencing relapse

or refractory disease.

cHL and DLBCL are aggressive B-cell lymphomas when untreated, and both present unique im-

munopathological features. Their incidence are significantly higher in immunocompromised pa-

tients181, and dysfunctional non-malignant immune cells constitute a substantial proportion of the

tumor mass at >95% for cHL47 and often exceeding 50% for DLBCL204. Therapeutically, cHL re-

sponds dramatically to PD-1 checkpoint blockade7,9 while DLBCL is sensitive to immune-directed

therapeutics including rituximab and CD3×CD20 bispecific antibodies46,193 despite being poorly

responsive to PD-1 blockade8. In parallel, PD-L1, amajor inhibitor of T-cell effector activity by bind-

ing to PD-1, is overexpressed in cHL166,29 and frequently upregulated inDLBCL206. These observa-

tions support the view that cHL andDLBCL aremalignancies inwhich immune dysfunction, in part

through sustained immunoevasion within an abnormal immune microenvironment, plays a central

role in lymphomagenesis.

Notably, cHL and DLBCL are associated with EBV, which is present in ~25% of cHL and 5–

15% of DLBCL cases2. Emerging evidence indicates that EBV status influences clinical outcomes,

with EBV-positive cHL recently linked to a higher risk of relapse after chemotherapy88 and EBV-

positive DLBCL generally associated with poorer prognosis121. Furthermore, the incidence of cHL

and DLBCL is markedly higher in the immunocompromised, where almost all HIV-associated cHL

and a considerable proportion of AIDS-related DLBCL EBV-positive27. These findings led to the

hypothesis that EBV contributes to spatial remodeling of the tumor microenvironment in cHL and

DLBCL to augment immune dysfunction within.

43



Figure 4.3: In many cancers, malignant cells downregulate MHC Class I to evade CD8 T‐cell recognition. However, EBV‐
positive HRS cells frequently retain MHC Class I, suggesting a key role for EBV in reprogramming the cHL tumor microen‐
vironment to effectively impair CD8 T‐cell function.

4.1 EBV and T-cell dysfunction in the cHL tumor microenvironment

There remains a strong rationale to further understand the pathobiology of cHL, as 10–20% of pa-

tients continue to suffer from relapse or refractory disease even after first- and second-line therapies1.

With a peak incidence in young adults (<35 years old)47, cHL continues to cause a disproportionate

loss of productive life years in affected individuals. These highlight a need to understand the mecha-

nisms that support cHL progression, particularly the contribution of EBV.

Adistinctive feature ofEBV-positiveHRScells is the retentionofMHCClass I expression,which is

frequently absent in EBV-negativeHRS cells due to the loss of beta-2microglobulin (B2M) associated

with higher mutational burdens146,138,164,165,88. This is consistent with the ability for EBV-positive

HRS cells to present latent EBV oncogene antigens115 and a purported increase in CD8 T-cell acti-

vation within the EBV-positive cHL tumor microenvironment205. The retention of MHCClass I is

unusual, as its downregulation is frequently exploited by malignant cells across numerous different
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Figure 4.4: MIBI spatial proteomics workflow to dissect the EBV‐positive and EBV‐negative cHL tumor microenvironemnt.
Biopsies from an initial cohort of 6 EBV‐positive and 14 EBV‐negative cHL patients were collected (1), stainedwith cocktail
of 30 lanthanide‐conjugated antibodies (2), imaged using the MIBI to generate multiplexed images that allowed for the
identification of cell phenotypes and neighborhoods (3), where upon computational analysis illustrated key differences
between EBV‐positive and EBV‐negative cHL (4). TME, tumor microenvironment. Figure from Yeo et al., 2024191.

cancers to evade CD8 T-cell recognition and impair responses to immunotherapies56 (Figure 4.3).

This suggests that EBV-positive cHL must employ mechanisms to suppress CD8 T-cell responses,

contributing to the immunosuppressed tumor microenvironment characteristic of cHL.

A panel of 30 antibody markers was developed to visualize the EBV-positive and EBV-negative

cHL tumormicroenvironment using theMIBI. This panel included key phenotyping and functional

markers to enable a focused assessment of T-cell responses. Antibodies were meticulously titrated

and optimized on reactive lymph nodes and cHL cases, then applied to archival FFPE biopsy samples

from an initial cohort of 6 EBV-positive and 14 EBV-negative patients from the Dana-Farber Cancer

Institute (Figure 4.4). The panel captured diverse cell populations, including M2-like macrophages
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Figure 4.5: Representative MIBI images of lymph node (left), EBV‐positive (middle), and EBV‐negative cHL (right) tissues.
Lymph nodes were used as a positive control to confirm antibody staining specificity as their intact spatial organization
helps distinguish true marker expression from artifacts in the disorganized lymphoma tissue architecture. Figure from Yeo
et al., 2024 191.

(CD163), B cells (Pax5hi), HRS cells (Pax5lo), dendritic cells (CD11c), PD-L1, and T-cell subsets

(CD4, CD8) along with their memory (CD45RO) and dysfunctional (Tox) subpopulations (Figure

4.5). In total, 41 stitched fields-of-view comprising 794 individual 400 × 400 μm tiles were imaged.

Cells were subsequently segmented, annotated, and stringently validated as described previously.

A total of 13 cell populations were identified, with the specificity confirmed through the expected

enrichment of antibodymarkers within each cell population and verified with board-certified pathol-

ogists. Although EBV-positive and EBV-negative cHL appear visually indistinguishable on H&E,

their tumor microenvironments displayed strikingly distinct cellular profiles. EBV-positive tumors

showed a significantly higher proportion ofCD8T-cells, whereas EBV-negative tumorswere enriched
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Figure 4.6: Contrasting cellular profiles between EBV‐positive and EBV‐negative cHL. The representativeMIBI images (top
left) and corresponding phenotype maps (bottom left) illustrate the visual EBV‐linked differences. Further quantification of
CD4 and CD8 T‐cell proportions (top right) revealed consistent enrichment patterns associatedwith EBV status, supported
by significant log‐fold enrichment differences. Asterisks denote statistical significance (* p < 0.05, ** p < 0.01). Adapted
from Yeo et al., 2024 191.

in CD4 T-cells, a pattern consistently observed across all 41 stitched fields-of-view. EBV-positive tu-

mors also had a higher prevalence of immunosuppressiveM2-likemacrophages andTregs, with a gen-

erally higher density of HRS cells in EBV-negative tumors (Figure 4.6).

The abundance of CD8 T-cells, coupled with their ineffective tumoricidal function in the EBV-

positive cHL tumor microenvironment, prompted an investigation into EBV-linked differences in

antigen presentation (Figure 4.7, left). MHCClass I (B2M, HLA1) was broadly upregulated across

all cell types in EBV-positive tumors, a finding confirmed by visual inspection of raw images. In con-

trast, no significant difference was observed for MHC Class II (HLA-DR) expression. These fea-

tures point to the need for EBV to actively suppress CD8 T-cell effector functions, and thus markers

associated with T-cell functional regulation, including memory (CD45RO66) and immune check-

point regulators (Tox, Lag3, PD-1, PD-L1108,4,177,187), were analyzed to assess the impact of EBV

presence onT-cell dysfunction (Figure 4.7, right). Note that although dysfunctional CD4 andCD8
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T-cells exhibit distinct molecular profiles48, both Lag3 and PD-1 are shared features of T-cell exhaus-

tion48,202,11. An EBV-associated increase in memory and dysfunction markers on T-cells, as well as

PD-L1 onHRS cells, dendritic cells, and macrophages, was observed. Further stratification of T-cells

into memory and naïve populations (based on CD45RO and CD45RA) demonstrated an enrich-

ment of dysfunction and proliferation (Ki67) markers in memory T-cells, implicating previously ac-

tivated T-cells as a major source of dysfunction within the cHL tumor microenvironment.

These findings indicate that EBV amplifies immune dysfunction in the cHL tumormicroenviron-

ment by enriching immunosuppressive cell populations, increasing T-cell memory and dysfunction

markers, and potentially enhancing PD-1/PD-L1 engagement between T-cells, HRS cells, and sur-
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Figure 4.8: Visualization of annotated phenotype maps and their corresponding diversity maps in representative EBV‐
positive and EBV‐negative cHL tissues (left), with three different spatial diversity index scores quantified (right). Asterisks
denote statistical significance (* p < 0.05, ** p < 0.01), n.s. = not significant. Figure from Yeo et al., 2024191.

rounding immune constituents. The results support an EBV-dependent mechanism of suppressing

T-cell effector functions through spatial reorganization and reprogramming of the cHL tumor mi-

croenvironment.

To compare the spatial organization between the EBV-positive and EBV-negative cHL tumor mi-

croenvironments, ecology-inspired diversity indices, including the Shannon175 andMESA indices57,

were implemented (Figure 4.8). Although there were no EBV-linked differences in the Shannon Di-

versity Index (measure of cellular diversity at the whole-tissue level), EBV-positive tumors were signifi-

cantly lower in theMESADiversity Proximity Index (measure of aggregation of similarly-diverse local

patches) and theMESAGlobalDiversity Index (measure of adjacency between biodiversity hotspots).

These data suggest thatwhile EBV-positive andEBV-negative cHLharbored comparably similar diver-

sity in cell composition, the EBV-positive tumor microenvironment was spatially organized to be less

compartmentalized and structured, instead appearing more disrupted and homogenized with respect

to local cellular diversity, as compared to the EBV-negative counterpart.
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Figure 4.9: Visualization of the corresponding cellular neighborhood (CN) maps for representative EBV‐positive and EBV‐
negative cHL tissues (top left), along with the enrichment heatmap of cell types across the 8 identified CNs (top right).
Further quantification of cells assigned to each CN (bottom left) revealed contrasting enrichment patterns associated with
EBV status, supported by significant log‐fold enrichment differences (bottom right); note that CN3 was not shown due to
its absence in EBV‐positive cHL. Asterisks denote statistical significance (* p < 0.05). Adapted from Yeo et al., 2024191.

The cHL tumormicroenvironmentwas next compartmentalized into eight different cellular neigh-

borhoods (CN) using the spatial Latent Dirichlet Allocation approach39 (Figure 4.9). HRS cells

were predominantly localized within CN-0, CN-1, and CN-6, each associated with distinct T-cell

contexts. Of key interest is CN-0 (Tumor Rich & Immune Rich), characterized by the high diversity

of T and immune cell populations. The predominance of the highly heterogeneous CN-0 in EBV-

positive tumors was also consistent with the spatial diversity index results, underscoring the robust-

ness of the identified CNs. In contrast, EBV-negative tumors contained a broader mixture of CNs,

including CN-1 (Tumor Low & Immune Active 1) and CN-6 (Tumor Low & Immune Active 2)

that were relatively lower in T-cells. As CN-1 was uniformly present across all EBV-negative tumors

unlike CN-6, subsequent analyses focused on CN-0 and CN-1 to evaluate the phenotypic and func-

tional constituents that selectively shape tumor–immune reorganization in the EBV-positive tumor

microenvironment.
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Figure 4.10: Relative proportion of the major immunomodulatory cell types within CN‐0 and CN‐1 and stratified by EBV
status. Asterisks denote statistical significance (* p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001). Adapted from Yeo
et al., 2024 191.

Key EBV-linked differences in cellular composition were found in CN-0 and CN-1 (Figure 4.10).

In CN-0, EBV-positive tumors had significantly more CD8 T-cells that included cytotoxic subsets,

whereasEBV-negative tumorswere enriched forCD4T-cells. Therewere also comparable abundances

of HRS cells, regulatory T-cells, dendritic cells, macrophages, and endothelial cells between EBV-

positive and EBV-negative tumors, although EBV-positive tumors showed higher B-cell and lower

neutrophil and NK cell frequencies. In CN-1, cellular compositions were generally consistent be-

tween EBV-positive and EBV-negative tumors, with the exception of a modest increase in M2-like

macrophages in EBV-positive tumors. A key observation is the relative stable abundance ofHRS cells

across CN-0 and CN-1, suggesting that functional differences of HRS cells, rather than their cell

numbers, drive EBV-linked differences in immune diversity and T-cell dysfunction.
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Functional analysis within CN-0 and CN-1 supported and extended the tissue-level contrasts be-

tween the EBV-positive and EBV-negative tumor microenvironment (Figure 4.11). EBV-positive

tumors showed broad increases in MHC Class I (HLA1, B2M), heightened T-cell activation and

dysfunction (CD45RO, Tox, Lag3, PD-1), and elevated PD-L1 on HRS cells, dendritic cells, and

macrophages, with the most pronounced changes concentrated in CN-0. By localizing functional al-

terations to defined CNs, these findings demonstrated that EBV does not merely reshape the global

immune composition, but also spatially reorganizes the tumormicroenvironment intoHRS-centered

hubs that enforce T-cell dysfunction. The convergence of disordered tissue architecture, enhanced

antigen presentation, and checkpoint upregulation highlights a distinct mode of immune dysfunc-

tion in the cHL tumor microenvironment, positioning CN-0 as a critical niche where EBV-positive

HRS cells orchestrate immunosuppression.

The ability for HRS cells to modulate immune dysfunction within their immediate microenvi-

ronment implies that immune dysfunction in cHL is dependent on the proximity to HRS cells. To

assess this, a “Tumor Score” metric was developed, which accounts for both the distance and density

of nearby HRS cells. For each non-HRS cell, the “Tumor Score” was calculated as
∑

j∈{k|di,j≤r}
1
di,j ,

52



Figure 4.12: Stratification of cells into tumor‐dense and tumor‐sparse populations. The top panel details the workflow:
cell‐to‐tumor distances for non‐tumor cells within 100 μm from each HRS cell (1) were organized into a cell‐to‐tumor
distance metric (2) and used to calculate the “tumor score” metric for each non‐tumor cell (3); this score was then used to
stratify cells into into tumor sparse and tumor dense regions based on the global tumor score distribution (4). The bottom
panel shows a representative tumor score map (bottom left), along with the visualization of tumor dense and tumor sparse
regions (bottom right); note that HRS cells have a white mask in the tumor score map because they do not have a tumor
score. Adapted from Yeo et al., 2024 191.

where di,j denoted the distance from a non-HRS cell i to a HRS cell j, and r was the search radius.

Cells were then stratified into “Tumor Dense” or “Tumor Sparse” categories using a cutoff in the

global “Tumor Score” distribution, defined as the tangent point with the steepest slope to the right

of the distribution peak. Using a search radius of r < 100 μm (~10 cell diameters), this approach was

applied uniformly across all samples, ensuring consistent classification of local tumor environments

regardless of EBV status. As this metric effectively captured local variations in HRS cell density and

proximity (Figure 4.12), it enabled robust comparisons of “Tumor Dense” and “Tumor Sparse” re-

gions across EBV-positive and EBV-negative tumors.
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Figure 4.13: Comparison of dysfunction scores from the major immune cell compositions within tumor dense and tumor
spare regions and stratified by EBV status. Asterisks denote statistical significance (* p < 0.05, ** p < 0.01, *** p < 0.001,
**** p < 0.0001). Adapted from Yeo et al., 2024 191.

Each immune cell was then assigned a “Dysfunction Score” by applying negative weights to mark-

ers of activation or proliferative potential (CD45RA, Ki-67) and positive weights to markers of T-cell

activation and dysfunction (CD45RO, Tox, PD-1, Lag3, PD-L1). Quantification of “Dysfunction

Scores” in “Tumor Dense” and “Tumor Sparse” regions revealed significantly higher dysfunctional

in “Tumor Dense” regions across EBV-positive and EBV-negative tumors, and notably prevalent in

both CD8 and CD4 T-cells. Moreover, these proximity-linked “Dysfunction Scores” were consis-

tently higher in EBV-positive tumors compared to their EBV-negative counterparts (Figure 4.13).

These findings underscore a central role for HRS cells in modulating the functional states of sur-

rounding immune constituents within the cHL tumor microenvironment, a mechanism exploited

and markedly amplified by EBV.
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Figure 4.14: Cartoon depicting the key differences between EBV‐positive and EBV‐negative cHL tumormicroenvironment.
Figure from Yeo et al., 2024 191.

Through a systematic dissection at increasing spatial resolutions, the cumulative spatial proteomics

analyses support a model in which EBV reorganizes the cHL tumor microenvironment to amplify

T-cell dysfunction in a manner distinct from EBV-negative cHL. EBV-positive cHL is characterized

by a tissue-level increase in MHC Class I (HLA1, B2M) and predominance of dysfunctional mem-

ory CD8 T-cells, in contrast to the enrichment of CD4 T-cells and higher density of HRS cells ob-

served in EBV-negative cHL. Beyond these global differences, HRS cells impose proximity-linked im-

munomodulation that augments T-cell dysfunction, a process exacerbated by EBV, in part through

the elevated expression of dysfunction-associated markers that include Tox, Lag3, PD-1, and PD-L1

(Figure 4.14). Taken together, these findings establish EBV-positive cHL as a model of how viruses

can reprogram the tumor–immune interface, providing mechanistic insights supporting the broader

principle that immune dysfunction is central to lymphomagenesis.
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Figure 4.15: IN‐DEPTHworkflow to dissect the EBV‐positive and EBV‐negativeDLBCL tumormicroenvironment. Biopsies
from a cohort of 17 EBV‐positive and 13 EBV‐negative DLBCL patients were collected (1), stained with a 30‐marker
antibody panel and hybridized with a genome‐wide RNA probe panel spiked in with custom‐designed probes targeting
14 EBV genes (2), where upon computational analysis illustrated key differences between EBV‐positive and EBV‐negative
DLBCL. Figure from Yeo et al., 2024 189.

4.2 EBV and T-cell dysfunction in the DLBCL tumor microenvironment

The profound elevation of T-cell dysfunction in the EBV-positive cHL tumor microenvironment

highlighted the potential for EBV to similarly remodel the DLBCL tumor microenvironment. Be-

yond its associationwith poorer prognosis121, EBV-positiveDLBCL is highly unusual as it appears to

have a distinct landscape of genetic aberrations, with many cases not aligning with established molec-

ular subtypes70. These genetic distinctions are accompanied by a purported tolerogenic tumor mi-

croenvironment, including the upregulation of PD-L1 on malignant cells33 and an increase in the

ratio ofM2/M1macrophage gene signatures104. These features support a key role for EBV in remod-

eling the DLBCL tumor microenvironment to promote T-cell suppression.

For a comprehensive spatial mapping of the heterogenous DLBCL tumor microenvironment, the

IN-DEPTHworkflow (CODEX-GeoMx)was applied to archival FFPEbiopsy samples from17EBV-

positive and 13 EBV-negative patients across the Dana-Farber Cancer Institute and the University

of Rochester Medical Center (Figure 4.15). A separate panel of 30 antibody markers was first im-

plemented and imaged on the CODEX, from which 8 distinct cell populations were identified and

stringently verified as described previously. Note that all cells positive for CD20 and/or Pax5 were
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Figure 4.16: Representative CODEX multiplexed images (top left) with markers for nuclei (DAPI), B/tumor cells (Pax5),
endothelial cells (CD31), macrophages (CD68), and T‐cells (CD3), as well as the corresponding phenotype maps (top right)
and H&E images (bottom left) of EBV‐positive and EBV‐negative DLBCL tissues. These are consistent with the heatmap
showing antibody expression level and relative abundance of each annotated cell population (bottom right). While not
shown here, a lymph node tissuewas included during data acquisition as a positive control. Figure from Yeo et al., 2024189.

classified as malignant cells. The spatial coordinates of these 8 cell populations were then used to

guide transcriptome capture on the GeoMx, using a genome-wide probe panel targeting >18,000

protein-coding genes supplemented with custom-designed probes for EBV transcripts. In total, 38

fields-of-view (one per patient) were captured. The accuracy of cell phenotyping and robustness of

the IN-DEPTHworkflowwere demonstrated through the representative raw image, phenotypemap,

H&E staining, and the expected enrichment of antibody markers within each cell population, all of

which were verified with board-certified pathologists (Figure 4.16).
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Figure 4.17: Contrasting immune profiles between EBV‐positive and EBV‐negative DLBCL. Relative proportions of anno‐
tated cell types across EBV‐positive and EBV‐negative tissues (tissues) reveal a considerable increase of immune cells in
EBV‐positive DLBCL. Further quantification reveal EBV‐linked abundances of M1 vs. M2‐like macrophages (middle) and
tissue‐level contrasts in MHC Class II and PD‐L1 expression (right). Adapted from Yeo et al., 2024189.

Distinct cellular profiles were observed between EBV-positive and EBV-negative DLBCL tumor

microenvironments. Notably, EBV-positive tumors were enriched in immune components, whereas

EBV-negative tumors contained substantially higher proportions ofmalignant cells, supporting ama-

jor role forEBV in coordinating immune-mediateddysfunction inDLBCL.Within the immune com-

partment, EBV-positive tumors were characterized by an enrichment of immunosuppressiveM2-like

macrophages and regulatory T-cells, in contrast to more M1-like macrophages in EBV-negative tu-

mors. Further tissue-level examination of antigen presentation and PD-L1 expression, key regula-

tors of T-cell functional states, revealed no significant differences inMHCClass I (HLA-I) across cell

populations. However, the EBV-positiveDLBCL tumormicroenvironment exhibited reducedMHC

Class II and elevatedPD-L1 expression acrossmalignant cells, dendritic cells, andmacrophages. These

findings (Figure 4.17) point to a CD4 T-cell centered mechanism of dysfunction that may represent

a distinct immunosuppressive program in EBV-positive DLBCL.

The functional state ofT-cellswere evaluated byquantifyingT-cell dysfunction signatures201,202,11

across protein (applying the “Dysfunction Score” metric defined previously) and RNA (incorporat-

ing CTLA4,HAVCR2, LAG3, PDCD1, BTLA, TIGIT, CD160, CD244, ENTPD1, and VSIR into

a gene signature for Gene Set Variation Analysis (GSVA)84 enrichment scoring) modalities. A consis-
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Figure 4.18: Comparison of CD4 and CD8 T‐cell dysfunction scores calculated based on protein markers (left) and RNA
signatures (right) between EBV‐positive and EBV‐negative DLBCL tissues. Asterisks denote statistical significance (* p <
0.05, ** p < 0.01), n.s. = not significant. Adapted from Yeo et al., 2024 189.

tent increase inT-cell dysfunctionwas observed inEBV-positiveDLBCL,withCD4T-cells exhibiting

significantly more pronounced effects than CD8 T-cells (Figure 4.18). The orthogonal assessment

at protein and RNA levels simultaneously also highlights the value of same-slide spatial multi-omics

via IN-DEPTH for biological discovery and validation.

The paired increase inM2-like macrophages and CD4 T-cell dysfunction in the EBV-positive DL-

BCL tumor microenvironment suggests a role for macrophages in coordinating the increase in CD4

T-cell dysfunction. Tissue-level analysis of macrophage polarization, defined as the proportion of

M2-like macrophages within each sample, revealed a clear bimodal distribution associated with EBV

status, with EBV-positive tumors enriched in immunosuppressive M2-like macrophages while EBV-

negative tumors containing more activatoryM1-like macrophages. When tumors were stratified into

M2-enriched and M1-enriched groups based on the intersection of their densities, the M2-enriched

group exhibited significantly higher CD4 T-cell RNA dysfunction signature, with no corresponding

differences in CD8 T-cells. These findings (Figure 4.19) support the notion that EBV-positive DL-

BCL leverages M2-like macrophages to enforce a CD4 T-cell focused axis of immune suppression.

This approach also demonstrates how protein protein features can be used to guide the dissection of

RNA signatures, another value of same-slide spatial multi-omics enabled by IN-DEPTH.
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Figure 4.20: Schematic of the approach used to identify different cellular motifs through n‐hop neighborhood analysis
anchored on a cell type of interest. Here, CD4 T‐cells were set as the anchor, from which the immediate 1‐hop neighbors
were identified and clustered. Figure from Yeo et al., 2024 189.
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To assess how the spatial organization of the DLBCL tumor microenvironment contributes to

CD4T-cell dysfunction, the immediate neighborhoods ofCD4T-cells were analyzed using a network

graph approach constructed through the following steps (Figure 4.20):

1. Setting the nodes: Each node was represented using the spatial location of every cell in each

tissue, which was represented by the centroid of its segmentation mask.

2. Connecting the nodes: Delaunay triangulation54was applied to the set of centroids, fromwhich

the simpliceswereused to construct thenetwork graph,with the condition that twonodeswere

connected only if the Euclidean distance between them was ≤20 μm (~2 cell diameters).

Afterwards, for each node of interest (those corresponding to CD4 T-cells in this case), its directly

adjacent nodes were identified and summarized into vectors representing the counts of each cell type,
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which were then clustered to define recurring spatial motifs around the cell type of interest. Here,

five distinct CD4 T-cell anchored motifs were identified (Figure 4.21). Among these, Motifs 1 and

4 were significantly more prevalent in EBV-positive tumors, while the other motifs showed no EBV-

associated differences. Of particular interest wasMotif-1 which was highly enriched in immune cells,

including macrophages, regulatory T-cells, and dendritic cells, supporting the notion of immune-

mediated T-cell dysfunction in EBV-positive DLBCL

Assessment ofCD4T-cell dysfunction signatures revealed a graded pattern across themotifs: high-

est in EBV-positive immune-enriched motifs (Motif-1) and decreasing progressively to the lowest in

EBV-negative immune-deficientmotifs (Motifs 2+3+4+5). Regression analysis further demonstrated

an association betweenmacrophages, motif composition, and EBV status, with EBV-positive samples

having 1.91 times the expected count of M2-like macrophages compared to EBV-negative samples (p

< 0.05, 95% CI [1.64, 2.25]) within a given motif, while the expectedM1-like macrophage count was

only 0.86 times (p < 0.05, 95% CI [0.74, 0.99]). These results (Figure 4.22) provide a spatial ba-
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ment. Figure from Yeo et al., 2024 191.

sis linking macrophages in immune-enriched niches to CD4 T-cell dysfunction, demonstrating a key

role for EBV at driving spatial reprogramming of the DLBCL tumor microenvironment to promote

CD4 T-cell dysfunction.

The cumulative analyses performed across protein and RNA modalities at increasing spatial res-

olutions, uniquely enabled by IN-DEPTH, support a model in which EBV reorganizes the DLBCL

tumor microenvironment to promote CD4 T-cell dysfunction through a coordinated reduction of

MHCClass II, elevationof PD-L1, and establishment of immune-richniches dominatedby immuno-

suppressive M2-polarized macrophages surrounding CD4 T-cells (Figure 4.23). The collective find-

ings across cHL191 and DLBCL189 further highlight EBV as a paradigm for how oncogenic viruses

can reprogram the immune landscape of the lymphoma tumor microenvironment through distinct

mechanisms that ultimately converge on immune dysfunction, a potential unifying principle of virus-

driven tumorigenesis.
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The hidden harmony is better than the obvious.

Heraclitus

5
Decoding the Mechanistic Logic Behind

Lymphoma Remodeling

The essence of spatial organization extends beyond structural arrangement. It is a reflec-

tion of interlacing gene programs, signaling circuits, and communication networks that inscribe order

onto tissues. In diseased states such as the tumormicroenvironment, this organization becomes a lan-
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guage throughwhich cells communicate, adapt, andultimately becomemisdirected. As demonstrated

in the previous chapter, the oncogenic EBV weaves into this landscape by reprogramming malignant

and immune phenotypes191,189, key features that reshape the architecture of both cHL and DLBCL

tumor microenvironments to promote T-cell dysfunction. However, deriving the underlying mech-

anisms that orchestrate such drastic tissue reorganization remains a rate-limiting step hindered by its

inherent complexity. Through the experimental and computational innovations introduced inChap-

ter 3, these challenges can be addressedmore efficiently, enabling deeper insights into the logic behind

virus-mediated remodeling of the tumor microenvironment. Such approaches not only clarify how

the tumor architecture was constructed, but also disentangle the hierarchical rules that govern spatial

patterning under disease pressure.

5.1 CD8:MHCClass I engagement and T-cell terminal exhaustion in cHL

The substantial increase in T-cell dysfunction as a function of spatial proximity to HRS cells and

EBV status in the cHL tumor microenvironment supports a principal role for HRS:T-cell interac-

tions in driving immune dysfunction. To dissect the mechanisms underpinning this interaction, a

customized GeoMx workflow was implemented to comprehensively assess the functional changes

involved. A genome-wide probe panel targeting >18,000 protein-coding genes supplemented with

custom-designed probes developed against EBV transcripts was used. The transcriptomes of six cell

populations (Tumor-enriched, CD4 naïve, CD4 memory, CD8 naïve, CD8 memory, Others) were

captured from cHL biopsies across 22 EBV-positive and 24 EBV-negative patients at the Dana-Farber

Cancer Institute and the University of Rochester Medical Center. These six cell populations were

defined through a combinatorial antibody staining strategy with CD3, CD8, and CD45RO, while

referencing an adjacent slide with a CD30 immunohistochemical staining. Transcriptomics capture

was also focused at regions densely populated with HRS cells (Figure 5.1).
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Figure 5.1: GeoMx spatial transcriptomicsworkflow to dissectmechanisms of T‐cell dysfunction in the cHL tumormicroen‐
vironment. Biopsies from 22 EBV‐positive and 24 EBV‐negative cHL patients were assembled into tissue microarrays (1),
from which one section was stained with anti‐CD30 for immunohistochemical detection of HRS cells and the adjacent
section for GeoMx profiling by hybridizing with an RNA probe panel containing >18,000 human protein‐coding and 14
custom‐designed EBV genes and staining with three fluorescent antibodies (2). This approach enabled the selection of
126 regions of interest at HRS‐dense regions (3), extraction of single‐cell marker expression (4), and annotation of six cell
populations (5) for targeted transcriptome capture within (6) that enable the dissection of T‐cell dysfunction programs (7).
ROI, region‐of‐interest; TME, tumor microenvironment. Figure from Yeo et al., 2024191.

The accuracy of the GeoMx capture strategy was supported visually by the comparable staining

pattern and annotated phenotypemap as shown in the representative tissue images. The top differen-

tially expressed genes across these cell populationswere also consistentwith their expected enrichment,

includingTNFRSF8 (encodingCD30) and the EBV-encoded small RNAsEBER1 andEBER2 in the

Tumor-enriched region, CD4 andCD8T-cell specific transcripts (such asCD3D,CD3E,CD4,CD7,

CD8A,CD8B) in their respective regions, cytotoxic granzyme and perforin transcripts associatedwith

T-cell effector functions (including PRF1,GZMK,GZMA,GZMH) in memory T-cell regions, and

immunoglobulin and B-cell transcripts (includingCD19,MS4A1 (encodingCD20),CD79A, IGHs,

IGLs, IGKs) found in B-cells (under the Other region). EBV transcripts were also enriched in EBV-

positive tumors, which included the expected EBV latency II transcriptsEBER1,EBER2, andLMP1,

but also other latent and lytic transcripts including EBNA2, BALF1, BCRF1, BNLF2A, BNLF2B,

BZLF1, and RPMS1, consistent with bulk transcriptomics data on EBV-positive cHL samples re-
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Figure 5.2: Validation of GeoMx transcriptome capture accuracy. The representative immunohistochemical staining and
immunofluorescence images of EBV‐positive and EBV‐negative tissues were consistent with the final phenotype maps
(top), contributing to the expected enrichment of cell‐type specific transcripts in each cell population (bottom). Adapted
from Yeo et al., 2024 191.

ported in other studies16. These stringent validations (Figure 5.2) demonstrate that, despite relying

on an adjacent CD30-stained section to manually define tumor-enriched regions due to the three-

antibody limitation of the default GeoMx workflow, the resulting data possessed sufficient quality

for downstream analyses.

Several features from the GeoMx spatial transcriptomics data corroborated findings from MIBI

spatial proteomics described in the previous section. Differential gene expression between memory

and naïve T-cells also revealed significant increase of CD8A, CD8B, and LAG3 transcripts in mem-

ory subsets (LAG3 is a major gene upregulated in both exhausted CD8 and CD4 T-cells48) uniquely

in EBV-positive tumors, indicating a predominance of memory CD8 T-cells with elevated immune

dysfunction. Consistent with this, EBV-positive tumors were similarly enriched in CD8 T-cells, in

contrast to higher CD4 and HRS cell densities in EBV-negative tumors. Cytotoxic transcripts (in-
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Figure 5.3: Distinctive features in GeoMx spatial transriptomics datawere consistentwith those inMIBI spatial proteomics.
Volcano plots of differential gene expression in T‐cells revealed increased expression of CD8A and CD8B (as well as LAG3)
specifically in EBV‐positive cHL as indicated in green arrows (top), which mirrored their relative cell abundances (bottom
left). Cytotoxic genes were also higher in CD8 compared to CD4 T‐cells and elevated in memory relative to naïve subsets
within both lineages (bottom right). Asterisks denote statistical significance (** p < 0.01, *** p < 0.001). Adapted from Yeo
et al., 2024 191.

cluding GZMA, GZMH, and GZMK) were also found primarily in memory T-cell populations, in

support of attempted effector functions within memory-differentiated T-cells in the cHL tumor mi-

croenvironment. These findings (Figure 5.3) reinforce the prevalence of memory CD8 T-cells in the

EBV-positive cHL tumor microenvironment.

Further differential gene expression analysis of EBV-positive and EBV-negative Tumor-enriched re-

gions revealed contrasting enrichment ofCXCL9 in EBV-positive tumors andCCL17 in EBV-negative

tumors, key chemokines that are known to regulate CD8 and CD4 T-cell homing into tumors112.
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Figure 5.4: Contrasting T‐cell homing dynamics between EBV‐positive and EBV‐negative cHL. Volcano plot of differential
gene expression in EBV‐positive vs. EBV‐negative Tumor‐enriched regions revealed contrasts in T‐cell chemokine expres‐
sion as indicated in green arrows (left). This was supported in a chemokine receptor‐ligand analysis that indicate elevated
CD8 T‐cell recruitment in EBV‐positive cHL in contrast to CD4 T‐cell recruitment in EBV‐negative cHL (right). Figure from
Yeo et al., 2024 191.

To assess T-cell recruitment dynamics, receptor-ligand interaction analysis between Tumor-enriched

and T-cell populations was performed using CellPhoneDB63. EBV-positive tumors displayed strong

engagement of chemokine axes favoring CD8 T-cell recruitment, including CXCR3–CXCL9/10/11

and CXCR6–CXCL16 112,153. In contrast, CD4 T-cell favored engagements, such as the CCR4–

CCL17/22 axis112, were present in both EBV-positive and EBV-negative microenvironments but at

elevated levels in EBV-negative tumors. Additional engagement of theCCR5–CCL5/7/8T-cell hom-

ing axis75 was also observed specifically in EBV-positive tumors. These findings (Figure 5.4) indi-

cate that EBV shapes distinct chemokine signaling networks to skew lymphocyte recruitment towards

CD8 T-cells in EBV-positive cHL.

The elevation of CD8 T-cell infiltration and MHC Class I expression indicate an active antiviral
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Figure 5.5: EBV‐linked tissue‐level contrasts in gene pathway activity. In the correlation heatmap (left), a considerably
stronger relationship between inflammatory and T‐cell functional signatures can be seen in EBV‐positive cHL. Among
these pathways include those associated with antiviral responses, which were consistently higher in EBV‐negative tissues
across all cell populations (right). Adapted from Yeo et al., 2024 191.

and inflammatory response in the EBV-positive cHL tumor microenvironment. This was supported

by a global correlation of Gene Ontology signatures10 that broadly represent antiviral responses and

T-cell dysfunction in EBV-positive tumors. For example, EBV-positive tumors had elevated immune

signatures consistent with an antiviral state, including innate cellular immune responses, chronic in-

flammation, interferon signaling, all of which can enhanceMHCClass I expression83. These findings

(Figure 5.5) support a unique EBV-linked immunological landscape predisposed to T-cell dysfunc-

tion48,202,11.

AsT-cell dysfunction is a broad functional state that includes theprogenitor to terminal exhaustion

continuum134, a careful dissection of these transcriptional programs in the cHL tumor microenvi-

ronmentwas imperative. Analysis ofT-cell functional signatures showed that inEBV-positive tumors,

theyhad increased expressionof genes that promoteMHCClass I binding and activate cytotoxic path-
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Figure 5.6: T‐cells acquire distinctive dysfunction states in EBV‐positive and EBV‐negative cHL. Those in EBV‐positive cHL
exhibit elevated cytotoxic upregulation and downregulation pathways (top left) and had significantly higher terminally‐
exhausted and lower progenitor‐exhausted signatures (top right) than those in EBV‐negative cHL. These were supported
by themultivariate regression analysis results (bottom); note that “Subtype: mixed cellularity”, “Sex: F”, and “Source: Lymph
Node” were part of the metadata but not shown here as they were used as baseline measurements for their respective
comparisons. Asterisks denote statistical significance (* p < 0.01, ** p < 0.01, *** p < 0.001, **** p < 0.0001), n.s. = not
significant. Adapted from Yeo et al., 2024 191.
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Figure 5.7: EBV oncogenes is linked to an increase in T‐cell dysfunction. Higher overall expression of EBV transcripts genes
is linked to an increase in T‐cell terminal exhaustion signatures (top right), of which LMP1, EBER1, and EBER2 showed the
strongest positive correlations. Asterisks denote statistical significance (* p < 0.01, ** p < 0.01, **** p < 0.0001). Adapted
from Yeo et al., 2024 191.

ways, and also exhibited a concomitant rise in inhibitory pathways capable of suppressing cytotoxic

responses. This was in sharp contrast with EBV-negative tumors, where both antigen recognition and

cytotoxicity were relatively diminished. To resolve the unusual nature of these gene signatures, T-cell

transcriptomeswere compared against gene signatures that distinguish progenitor from terminally ex-

hausted CD8 T-cells134. Note that while these states remain poorly characterized in CD4 T-cells, the

same signatures were applied as a proxy. Across both CD8 and CD4 lineages, T-cells in EBV-positive

tumors were significantly enriched in terminal exhaustion signatures, whereas those in EBV-negative

tumors had a stronger progenitor profile. Regression analysis further confirmed EBV status as the

primary clinical feature associated with terminal exhaustion (Figure 5.6).

The strong association between T-cell dysfunction and EBV status prompted the identification of

72



responsible viral oncogenes. To verify the contribution of EBV to T-cell dysfunction, EBV-positive

tumors were stratified into “EBV low” and “EBV high” categories based on the cumulative expression

of EBV transcripts, which revealed a graded increase in T-cell terminal exhaustion signatures. Each

EBV transcript in the Tumor-enriched region was next correlated to T-cell terminal exhaustion sig-

natures, of which LMP1, one of the major EBV oncogenes198, as well as EBER1 and EBER2, the

main diagnostic features of EBV status in lymphomas, showed the most robust positive correlations

(Figure 5.7). With LMP1 identified as a candidate viral oncogene promoting T-cell dysfunction in

the EBV-positive cHL tumor microenvironment, the next goal was to evaluate the spatial relation-

ship between EBV status, LMP1, and T-cell dysfunction. This required transcriptomics profiling at

single-cell resolution, which was not possible with the GeoMx.

As a result, a CosMx single-cell spatial transcriptomics experiment encompassing 961 human and

6 EBV genes (which included LMP1) was next applied on cHL biopsies across 22 EBV-positive and

21 EBV-negative cHL patient samples from the Dana-Farber Cancer Institute and the University of

Tübingen. Here, a total of 12 distinct cell populations were identified, which showed similar con-

trasts in CD8 and CD4 T-cell enrichment between EBV-positive and EBV-negative tumors, features

consistently observed across the MIBI and GeoMx experiments. T-cell exhaustion (using CTLA4,

EOMES,HAVCR2, LAG3, PDCD1, TIGIT, TOX, and PRF1 as a gene signature for GSVA enrich-

ment scoring) was also significantly higher in regions densely populated in HRS cells than in sparse

regions only in EBV-positive tumors (Figure 5.8). These results support the robustness of the current

findings and indicate a pivotal role of EBV-positive HRS cells in modulating T-cell dysfunction in a

proximity-dependent manner.

The contribution of LMP1 in HRS cells was evident due to its association with elevated CD4

and CD8 T-cell exhaustion signatures, motivating the assessment of whether T-cell dysfunction was

spatially organized around LMP1-expressing tumors. A correlation was performed between T-cell

to HRS cell distance and T-cell exhaustion signature in EBV-positive tumors while similarly stratify-
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consistent across the previous datasets (bottom right). Adapted from Yeo et al., 2024191.

ing them into LMP1-high or LMP1-low regions. CD4 and CD8 T-cells were found to consistently

showhighest exhaustion signatures that negatively correlatedwith increasing distance fromHRS cells

only in LMP1-high regions (Figure 5.9). This suggests that EBV-positive HRS cells skew T-cell dys-

function from a progenitor-like to a terminal-like exhausted state, a spatially-linked process tied to the

expression of the LMP1 viral oncogene.

The predominance of memory-differentiated and highly dysfunctional CD8 T-cells spatially orga-

nized around EBV-positive HRS cells that retain MHC Class I expression led to the hypothesis that

differences in CD8 T-cell engagement with HRS cells is a potential key mechanism that promotes

T-cell dysfunction. To test this hypothesis, PLA (targeting CD8 andMHCClass I) was incorporated

into a new CODEX panel containing key T-cell functional markers (Figure 5.10). This CODEX-
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Figure 5.11: Increased CD8:HRS engagement in EBV‐positive cHL augments CD8 T‐cell dysfunction. A cell network
graph (left) revealed significantly more CD8 T‐cells adjacent to (middle left) and interacting with (middle right) HRS cells in
EBV‐positive cHL, which were linked to elevated T‐cell dysfunction (right). Barplots show mean mean ± 1 standard error.
Asterisks denote statistical significance (**** p < 0.0001). Figure from Yeo et al., 2024191.

PLA panel was applied to another cohort of 15 EBV-positive and 12 EBV-negative patient biopsies

from the University of Rochester Medical Center and the University of Tübingen to distinguish

CD8:HRS interaction pairs in situ, thus allowing the contextualization of such interactions with T-

cell dysfunction and provide a mechanistic basis underlying T-cell functional differences between the

EBV-positive and EBV-negative cHL tumor microenvironment. Cells were similarly annotated and

stringently validated as described previously. Once again, lowHRS cell and high CD8T-cell densities

were observed in EBV-positive tumors, key features consistent across all datasets.

To determine if CD8:HRS engagement elevated T-cell dysfunction in the EBV-positive cHL tu-

mor mircroenvironment, a cell network graph was built to identify the cells immediately adjacent to

HRS cells. In EBV-positive tumors, a significantly higher proportion of CD8T-cells were adjacent to

HRS cells, and significantly more interaction events were detected between these CD8 T-cells with

adjacent HRS cells. Further dissection of T-cell functional markers revealed that while HRS-adjacent

CD8 T-cells were consistently more dysfunctional in both EBV-positive and EBV-negative tumors,

this was markedly greater in EBV-positive tumors (Figure 5.11). This demonstrated the ability for

EBV to tune theCD8:HRS interaction axis and exacerbate T-cell dysfunction, in alignment of amore

terminal-like exhaustion state observed across the spatial transcriptomics datasets. In support of this

proposed mechanism, CD8 T-cells were found to require receptor engagement withMHCClass I to
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Figure 5.12: Abundance of LMP1‐expressing HRS cells is positively correlated with CD8 T‐cell dysfunction. Only in EBV‐
positive cHL patients with abundant LMP1‐expressing HRS cells did CD8 T‐cells show a positive correlation in dysfunction
signatures in the CODEX spatial proteomics data (left), which was consistent with the pathway enrichments indicating
stronger exhaustionwhen close to LMP1‐high HRS cells in the CosMx spatial transcriptomics data (right). Asterisks denote
statistical significance (* p < 0.05, **** p < 0.0001). Adapted from Yeo et al., 2024191.

induce signaling cascades that drive them towards a terminally exhausted state in glioblastoma, result-

ing in poorer responses to immune checkpoint blockade155.

As LMP1 appeared as a key viral factor promoting T-cell dysfunction in the EBV-positive cHL

tumormicroenvironment, the relationship between LMP1 expression onHRS cells and the dysfunc-

tion state of adjacent CD8T-cells was further evaluated. EachHRS-adjacent CD8T-cell was assigned

a “Dysfunction Score” as described previously (Figure 4.12) and correlated with the expression of

LMP1 on its correspondingHRS cell. In tumors with abundant LMP1-expressingHRS cells, a mod-

erate positive correlation was observed, whereas no correlation was found in tumors with few LMP1-

expressing HRS cells. These were orthogonally supported from the CosMx dataset, which revealed

higher T-cell differentiation, receptor signaling, and activation pathways, along with reduced PI3K

and TOR signaling — features consistent with a more terminally-exhausted phenotype134,68 — in

CD8 T-cells near LMP1-high HRS cells compared to those near LMP1-low HRS cells. These find-

ings (Figure 5.12) highlight LMP1 as a key viral factor involved in functionally rewiring CD8 T-cells

towards a more dysfunctional state in EBV-positive cHL.

77



Remodeling of EBV+ cHL to promote T cell dysfunction
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Figure 5.13: Cartoon depicting the proposed mechanism of T‐cell dysfunction promoted by EBV in the cHL tumor mi‐
croenvironment. Figure from Yeo et al., 2024 191.

The systematicmulti-omics dissection presented here support amodel inwhich EBV inducesHRS

cells, in part through the LMP1 viral oncogene, to condition their immediate microenvironment.

This includes an altered expression of chemokines and immunomodulatory ligands to foster a CD8-

enriched yet highly dysfunctional T-cell landscape. Chronic viral persistence further provokes inflam-

matory responses, including elevated interferonpathways andCD8:HRS engagement throughMHC

Class I, leading to an activated T-cell effector state that is limited in tumoricidal programs due to a

terminally-exhausted functional state (Figure 5.13). These findings explain the distinct spatial archi-

tecture of the EBV-positive cHL tumormicroenvironment by illustrating the need for EBV to exploit

spatial molecular interactions in order to reprogram bothmalignant and immune compartments and

enforce a dysfunctional equilibrium necessary to support lymphomagenesis.
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Figure 5.14: Contrasting macrophage PD‐L1 and HLA‐DR expression dynamics with increasing distance from tumor cells
based on EBV status. The ”Tumor density score” was the distance‐based tumor score metric implemented previously for
cHL. Adapted from Yeo et al., 2024 189.

Figure 5.15: CosMx single‐cell spatial transcriptomics workflow to verify tumor:macrophage:T‐cell associations in EBV‐
positive DLBCL. Biopsies from 8 EBV‐positive and 10 EBV‐negative DLBCL patients were profiled using an RNA probe
panel containing 6k human genes (top), fromwhichmalignant cells, macrophages, and T‐cells were identified. EBV‐positive
tumorswere relatively distributed in these cell populations as shown in the representative images (bottom left), with T‐cells
exhibiting a dynamic range of dysfunction (bottom right) that were significantly higher than EBV‐negative tumors (bottom
right). Asterisks denote statistical significance (** p < 0.01). Adapted from Yeo et al., 2024189.
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5.2 Dysregulated macrophage:tumor:CD4 interaction axis in DLBCL

The increase of M2-like macrophages and elevated CD4 T-cell dysfunction within the abundant im-

munemilieu associatedwith EBV status supports a key role ofmacrophage:T-cell interactions in coor-

dinating immune dysfunction in the EBV-positive DLBCL tumor microenvironment. Further anal-

ysis showed that malignant cells appeared to influence macrophage functional states, as macrophages

in EBV-negative tumors had lower PD-L1 and higher HLA-DR expression with increasing density

of malignant cells, with both trends reversed in EBV-positive tumors with high expression of LMP1

(Figure 5.14). To assess the prevalence of tumor:macrophage:T-cell association, aCosMx spatial tran-

scriptomics experiment was applied on 8 EBV-positive and 10 EBV-negative DLBCL patient samples

(Figure 5.15). A homogeneous spatial organization between malignant cells, macrophages, and T-

cells was observed in EBV-positive tumors and accompanied with elevated T-cell dysfunction signa-

tures, in contrast to EBV-negative tumors thatwere dominated bymalignant cells and had lowerT-cell

dysfunction signatures.

Given the need to contextualize CD4 T-cell dysfunction in relation to macrophages and tumor

cells, the application of SGCC would provide an effective approach to uncover the gene-regulatory

networks that underlie these interactions. First examining tumor-macrophage interactions (Figure

5.16, top), the presence ofEBVwas confirmed through the expressionofLMP1viral oncoprotein and

detectionof viral transcripts inEBV-positive tumors. SGCCanalysis revealeddivergent immunomod-

ulatory pathways in tumor cells and macrophages. EBV-negative tumor cells exhibited signatures

that potentiate immune-activatory responses, as compared EBV-positive tumor cells that promote

macrophage differentiation and chemotaxis. This was supported by the macrophage phenotype dis-

tribution and transcriptonal programs, with activatory signatures in EBV-positive and immunosup-

pressive signatures in EBV-negative DLBCL that align with theM1/M2-like contrasts. Next examin-

ing macrophage-CD4 interactions (Figure 5.16, bottom), SGCC analysis revealed contrasting func-
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Figure 5.16: SGCC reveals coordinated spatial multimodal interactions and identifies EBV‐linked differences in cell func‐
tional states along the tumor–macrophage–CD4 T‐cell axis. Adapted from Yeo et al., 2024189.
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Figure 5.17: Ternary plots to visualize a three way relationship. Points located near the vertices indicate co‐localization
between the specific cell pair while forming a complementary structure with the third cell type, while those near the
center signify co‐localization across all three cell types (left). This approach contextualizes functional properties, such as
CD4 T‐cell dysfunction (top right) and adjacency enrichment statistic (bottom right), with their spatial relationships. AES,
adjacency enrichment statistic. Adapted from Yeo et al., 2024189.

tional states based on EBV infection status. Increasing SGCC was associated with HLA-DR protein

expression andMHCClass II gene programs along with T-cell activatory signatures in EBV-negative

DLBCL, which were all dampened in EBV-positive DLBCL that was associated with PD-L1 protein

expression. This was consistent with elevated T-cell dysfunction signatures and dampened T-cell acti-

vatory pathways in EBV-positive DLBCL, with both trends reversed in EBV-negative DLBCL. These

findings support a key spatial and immunomodulatory role for these cell populations in shaping the

contrasting EBV-positive and EBV-negative tumor microenvironments.

Due to the complexity of tripartite spatial interactions, a ternary plot of SGCC scores between tu-

mor:macrophage, macrophage:CD4, CD4:tumor cells was used (Figure 5.17) to better capture this

complexity. T-cell dysfunction was found to peak upon maximal co-localization across all three cell

types, supporting the relevance of this interaction axis in promoting CD4 T-cell dysfunction. To as-

sess if there were preferential interactions between specific cell pairs, an adjacency enrichment statistic

(AES) was applied13, which measures the extent of which a pair of cell types was spatially adjacent
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Figure 5.18: LMP1 is linked to immune dysfunction in EBV‐positive DLBCL. Ternary plot of LMP1 expression (left) and
Pearson correlation of LMP1 with macrophage proportions and T‐cell signatures (right). Adapted from Yeo et al., 2024189.

beyond what would be expected from their abundances alone, with larger values indicating increased

enrichment. AES analysis revealed preferential tumor-macrophage and tumor–CD4 interactions in

EBV-positiveDLBCL, supporting amodel inwhich tumor-macrophage-CD4crosstalk and immuno-

suppression predominates in EBV-positive DLBCL to promote CD4 T-cell dysfunction by limiting

its activation. Conversely, macrophage–CD4 interactions were stronger in EBV-negative DLBCL,

suggesting an increased prevalence of macrophage-mediated CD4 T-cell engagement to facilitate an

immune-reactive tumor microenvironment with increased T-cell activation and functional immune

responses.

As LMP1 was a major viral oncogene that was involved in coordinating a dysfunctional immune

landscape in EBV-positive cHL, its involvement in the tumor–macrophage–CD4 T-cell dysfunction

axis in DLBCL was assessed (Figure 5.18). LMP1 showed the strongest signal at the center of the

ternary plot, suggesting its functional relevance in this tripartite interaction. Its transcriptional ac-

tivity in malignant cells positively correlated with the abundance of M2-like macrophages, consis-

tent with prior spatial observations in which macrophages closer to malignant cells cells exhibited

reduced HLA-DR and increased PD-L1 expression in EBV-positive DLBCL (Figure 5.14). Addi-
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Figure 5.19: Cartoon depicting contrasts in the tumor‐macrophage‐CD4 interaction axis underlying the highly immuno‐
suppressed EBV‐positive vs. the less immunosuppressed EBV‐negative DLBCL tumor microenvironment. Figure from Yeo
et al., 2024 189.

tionally, the abundance of LMP1-positive malignant cells was positively correlated with CD4 T-cell

dysfunction. These findings support LMP1 as a viral factor that also promotes immune dysfunction

in EBV-positive DLBCL.

By coupling IN-DEPTH with SGCC, the integrative multi-omics analyses presented here extend

themacrophage:CD4T-cell dysfunctionmechanism (Figure 4.23) to reveal two distinct and spatially

orchestrated cellular circuits in the DLBCL tumor microenvironment based on EBV status. In EBV-

positive tissues, malignant cells preferentially associated with macrophages to condition an immuno-

suppressivemicroenvironment that impairedCD4T-cell activation,whereas inEBV-negative cases, an

increase in macrophage-CD4 interactions fostered a tumor microenvironment that favored T-cell ac-

tivation (Figure 5.19). These findings help explain the divergent spatial architectures of EBV-positive

and EBV-negative DLBCL by revealing how EBV reprograms cellular interactions in the tumor mi-
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croenvironment to enforce an immunosuppressive niche that supports malignant progression. More

broadly, the mechanistic frameworks presented herein underscore the importance of integrating spa-

tial and functional layers to decode how viruses rewire tissue ecosystems, offering critical insights for

rational therapeutic targeting.
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The important thing is not to stop questioning. Curiosity

has its own reason for existence.

Albert Einstein

6
Conclusion

The central conclusion of this dissertation is that oncogenic viruses can profoundly re-

model the tumormicroenvironment to promote tumorigenesis, with immune dysfunction emerging

as the common axis linking viral infection tomalignancy. These findings yield insights that bridge fun-

damental biology and translational opportunity, and the methodological advancements established

herein may potentially provide a foundation for the next generation of spatial biology.
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Figure 6.1: A diverse set of EBV lytic (blue) and latent (black) genes is expressed in EBV‐positive cHL (left) and DLBCL
(right). The cHL data was visualized on a bulk‐level whereas the DLBCL data display variation across individual samples,
and both data were captured using the GeoMx. Although EBV encodes many additional viral genes, probes were designed
only for the subset shown here. All EBV‐positive statuses were previously verified via EBER1 in‐situ hybridization. Data
from Yeo et al., 2024 191 and Yeo et al., 2024 189.

6.1 Biological and technological implications

The study approach presented herein represents a substantive departure from traditional investiga-

tions of viral oncogenesis, which have largely examined virus–host interactions in isolation from the

tumor ecosystem. By integrating viral biology within the native tumor microenvironment, this dis-

sertation revealed several conceptual advances. Notably, the rigid EBV latency programs classically

defined in vitro are insufficient to explain the diversity of viral transcriptional states observed in situ,

as both lytic and latent transcripts were detected across EBV-positive cHL and DLBCL (Figure 6.1),

findings consistent with prior reports16,45. More broadly, the mere presence of an oncogenic virus

could profoundly alter the tumor architecture, yielding a markedly more inflamed microenviron-

ment with increased immune infiltration. Similar immune-inflamed phenotypes have recently been

reported across several other virus-associated cancers, including EBV-positive nasopharyngeal carci-

noma (NPC), gastric carcinoma, and lymphoepithelioma-like carcinoma of the lung, HPV-positive

oropharyngeal squamous cell carcinoma and head and neck squamous cell carcinoma (HNSCC), and
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MCPyV-posiitve merkel cell carcinoma (MCC), that were similarly enriched in CD8T-cells and sup-

pressive M2-like macrophages38,195,79. However, current data show that unlike EBV, viral lytic-like

late genes are generally not expressed within the respective malignancies for HPV andMCPyV, with

only a few viral latent-like early genes detected to date52,61.

It is important to note that the detection of EBV lytic transcripts does not necessarily indicate pro-

ductive lytic replication, as this requires confirmation that functional viral proteins were expressed in

malignant cells. At the protein level, the expression of the immediate-early protein BZLF1, which

mediates the transition from latency to lytic activation, has been detected by immunohistochem-

istry across several EBV-positive lymphomas including cHL, NPC, Burkitt lymphoma, and post-

transplant lymphoproliferative disorder148,44,141,86. In EBV-positive DLBCL, immunohistochemical

studies have further identified expression of the early lytic protein BMRF145, which functions as the

viral DNA polymerase processivity factor. In all cases, lytic protein expression was detected only in

a minority of malignant cells and a subset of patients. Therefore, although several lytic transcripts

have been detected, current data to date indicate that BZLF1 is the predominant lytic gene that has

been detected at the protein level across EBV-positive lymphomas. These results are more consistent

with abortive lytic activation rather than full viral replication, and abortive EBV infection has been

shown to promote DLBCL development in humanized mouse models by enhancing the expression

of BZLF1124. Therefore, it is plausible that transient lytic activation followed by abortive termination

contributes to lymphomagenesis, as EBV lytic genes can induce the expression of immunomodulatory

cytokines, including IL10, TGFβ, and IFNγ123. Thiswould shape a dysfunctional immune landscape

within the tumor microenvironment while avoiding full-blown lytic activation that would otherwise

trigger robust immune responses.

The association between immune infiltration and viral positivity highlights an important contrast

with various cancers that are not associated with viruses. Several of them are often immunologically

“cold” and characterized by sparse immune infiltration, where a major therapeutic objective is the re-

88



cruitment and activation of immune cells to convert the tumor microenvironment into an immuno-

logically “hot” state209. However, in virus-associated cancers such as EBV-positive cHL, EBV-positive

DLBCL, MCPyV-positive MCC, and HPV-positive HNSCC, immune infiltration is clearly not a

rate-limiting step; tumors persist despite robust immune infiltrates due to pervasive dysfunction that

include T-cell exhaustion191,189,79. These findings underscore a critical principle that the presence of

inflammatory immune cells does not necessarily translate into effective immune control, and immune

infiltration alone may not be a sufficient surrogate for functional antitumor immunity. This notion

is reinforced by notable exceptions of non-viral malignancies, such as those with deficient DNAmis-

match repair, that frequently exhibit high levels of immune infiltration driven by elevated mutational

burden and neoantigen load200. Even in these immunologically “hot” settings, tumors frequently

evade immune-mediated elimination through mechanisms that include immune checkpoint engage-

ment, dysfunctional antigen presentation, and the establishment of immunosuppressive cellular and

cytokine networks143. These observations highlight that effective antitumor immunity requires not

only immune cell presence, but also sustained immune functionality within the tumormicroenviron-

ment.

Beyond recognizing an important association between viral status and immune infiltration in coor-

dinating a tumorigenic tumormicroenvironment, this dissertation firmly place spatial organization as

a mechanistic determinant of immune dysfunction. This is a departure from traditional approaches

that focus solely on the identity of specific genes and proteins of interest that are differentially ex-

pressedwithout considering their spatial relationship. In EBV-positive lymphomas, immune dysfunc-

tion was spatially structured, manifesting as gradients of T-cell exhaustion centered on HRS cells in

cHLand asmacrophage–CD4T-cell niches associatedwithT-cell dysfunction inDLBCL191,189. The

spatial axis is also an essential component towards understanding lower metastiatic risks in MCPyV-

positive MCC, where the aggregation of CD8 T-cells with monocytes that overexpress PD-L1 rep-

resented a defining feature of the tumor invasive front79. Another notable example is HPV-positive
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HNSCC,where traditional bulk sequencing analyses identified increasedB-cell infiltration as an inde-

pendent protective factor as compared to HPV-negative HNSCC37. Recent spatial profiling studies

have refined this interpretation, revealing that the elevation of B-cells is driven by an increase in acti-

vating tertiary lymphoid structures that are situated in close proximity to the tumor core125. These

findings demonstrate that spatial architecture fundamentally shapes biological interpretation, as dis-

tinct immune phenotypes emerge specifically fromdefined relationships rather than from the identity

of specific genes or cell types alone.

The increase in T-cell dysfunction in both EBV-positive cHL and DLBCL supports the notion

that immune exhaustion represents a central mechanism exploited by EBV to promote lymphoma-

genesis. This is reinforced by studies alluding to the same phenomenon across other EBV-associated

lymphoid malignancies. For example, EBV-positive primary central nervous system lymphoma had

higher expression of TNF-α, CD68, CD163, PD-L1, PD-L2, LAG-3, and TIM-3 transcripts com-

pared toEBV-negative counterparts, supporting amore inflammatory and immunosuppressive tumor

microenvironment71. Furthermore, in the presence of human immunodeficiency virus (HIV) infec-

tion where the host is significantly immunocompromised, EBV positivity approaches ubiquity across

lymphoma subtypes, further implicating EBV as a dominant driver of immune dysfunctionwhen im-

mune surveillance is weakened49. Extending beyond EBV, accumulating evidence from other virus-

associated cancers supports a shared immunosuppressive paradigm. In MCPyV-positive MCC, tu-

mors frequently exhibit dense CD8 T-cell infiltration spatially coupled to PD-L1 expressing mono-

cytes, a spatial feature consistent with localized induction of T-cell exhaustion; a similar architecture

was also described in HPV-positive HNSCC and linked to differential clinical responses79. In HPV-

positive oropharyngeal squamous cell carcinoma, CD8 T-cells were linked to M2-like macrophages,

regulatory T-cells, and malignant cells, a feature associated with longer disease-free survival195 com-

pared to HPV-negative subtypes. Collectively, these observations support immune dysfunction, par-

ticularly the induction of T-cell exhaustion within an inflammatory milieu, as a conserved feature of
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viral oncogenesis.

Another central question concerns the diversity and nature of antigens that drive T-cell engage-

ment and dysfunction in virus-associated cancers. In EBV-positive cHL, the significant increase in

CD8:MHC Class I interactions raise the question of whether exhaustion is driven by viral and/or

tumor-specific antigens. Previous studies have demonstrated the presence of EBV-specific antigens

in EBV-positive cHL, yet the natural frequency of T-cells specific for these viral antigens is low31,23.

This phenomenon has also been observed in other EBV-associated lymphomas, including DLBCL

and PCNSL147,28,114. These prior findings implicate an important role for non-viral tumor antigens

in EBV-positive lymphomas at coordinating T-cell responses, a notion supported by the ability for

LMP1 to induce CD4 and CD8 T-cell activation and cytotoxic responses through inducing the ex-

pressionofnon-viral tumor antigens42. ThepresenceofT-cells targetingboth viral and tumor-specific

antigens is also present across other virus-associated cancers, including HBV-positive hepatocellular

carcinoma and HPV-positive cervical cancer72,40,185. As T-cell antigen specificity is tightly linked to

downstream differentiation and functional state78,144, it is therefore essential to delineate the diver-

sity and relative contributions of viral and tumor-derived antigens in shaping T-cell effector states and

dysfunction across virus-associated cancers.

While the induction ofT-cell dysfunction appears to be conserved across virus-positive cancers, the

clinical consequences of viral infection diverge markedly across disease contexts. In MCC and HN-

SCC, viral infection is associated with improved outcomes, in part due to enhanced metastatic con-

trol linked to spatial co-localization of activated CD8 T-cells with CXCL9+ PD-L1+ macrophages

at the invasive front, in contrast to virus-negative tumors where cancer-associated fibroblasts accu-

mulate at this boundary instead79. In contrast, EBV-associated cHL and DLBCL follow a distinct

immunological logic, where EBV-positive cHL is characterized by terminally exhausted T-cells that

are less responsive to immune checkpoint blockade191, while EBV-positive DLBCL is associated with

poorer clinical outcomes despite exhibiting an immunologically ”hotter” tumor microenvironment
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Figure 6.2: Comparison of CODEX imaging quality when applied before (top row) or after (bottom row) Xenium transcrip‐
tomics capture on tonsil (left column) and brain (right column) tissues. Notice the substantial loss in data quality after
Xenium, and while not shown here, similar results were found for tissues stained after applying GeoMx or CosMx. Data
from revision experiments for Yeo et al., 2024 189.

than EBV-negative counterparts189. Although much remains to be understood across other virus-

associated cancers, these emerging distinctions suggest that viral positivity does not uniformly predict

disease outcome, and instead necessitates consideration of both virus and disease-specific therapeutic

strategies.

From a technical perspective, the ability for same-slide spatial multi-omics profiling have recently

beendemonstratedby several commercial platforms, butmost implementations prioritize spatial tran-

scriptomics before proteomics. This ordering presents several practical limitations. The tissue prepa-

ration process for spatial transcriptomics frequently lead to irreversible degradation of protein epi-

topes that result in poor quality for spatial proteomics imaging (Figure 6.2). Transcriptomic assays

alone are also insufficient for detecting tissue artifacts or subtle morphological distortions, and given

their high operating costs, the inability to pre-screen tissue quality can substantially inflate experimen-
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tal cost and reduce biological yield. In parallel, emerging approaches that profile large antibody panels

in a single staining step using pre-mixed antibody cocktails overlook the need for antibody-specific

titration in FFPE tissues, and differences in binding kinetics and epitope accessibility will likely com-

promise quantitative accuracy and reproducibility. These considerations highlight the importance

of developing practical workflows that retain data quality while maximizing efficiency, the key guid-

ing principles during the design of IN-DEPTH, which are essential for generating robust and inter-

pretable spatial multi-omics datasets.

As with any omics-scale study, an important consideration is whether it is sufficiently powered

such that the findings presented reflect a true biological phenomenon rather than sampling artifacts.

This concern is particularly salient for spatial omics, where the introduction of the spatial dimension

dramatically expands the feature space beyond relative cell type abundances. These higher-order fea-

tures include cell–cell adjacency networks and tissue neighborhoods, many of which are difficult to

predefine a priori and are influenced by the local tissue context. Consequently, statistical power in

spatial omics must also account for tissue architecture and entropy, field-of-view sampling strategy,

and the spatial scale of the biological features being interrogated. Within this context, the experimen-

tal design of this dissertation is well positioned tomeet the statistical demands of spatial analysis13. By

integrating orthogonal spatial proteomics and transcriptomics datasets across multiple independent

patient cohorts and leveraging both single-cell (MIBI, CODEX, CosMx) and region-level (GeoMx)

platforms, the results presented in this dissertation achieved robust coverage of cellular composition

and their spatial relationships. The cohort size and extensive samplings were sufficient to mitigate

limitations observed in several spatial studies that rely on relatively few samples or limited fields of

view within the chosen spatial technology, thereby increasing confidence in the reproducibility and

relevance of the reported spatial relationships. Importantly, the study design applied herein alignwith

emerging frameworks for spatial omics power analysis13 that underlie optimal experimental design for

robust interpretation of spatial features, a key oversight in several spatially-focused studies published
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to date.

The incorporation of PLA into spatial proteomics, as demonstrated herein, enabled inference of

receptor–ligand interactions in situ to provide dynamic dimension for spatial datasets that are oth-

erwise static snapshots of archival tissues. However, while proximity labeling technologies including

PLA has been widely applied to study functional dynamics and molecular interactions in tissues157,

its interpretation remains inherently constrained by the principles of proximity-based detection. The

most notable limitation for PLA is the generation of false-positive signals, as PLAwill label themolec-

ular pair so long as it is within the assay’s 40nmdetection radius. The detected signal is also influenced

by multiple technical factors including antibody affinity, epitope accessibility, steric hindrance be-

tween antibody pairs, and the efficiency of enzymatic ligation and rolling circle amplification, thus

complicating quantitative comparisons across samples or conditions. While other proximity labeling

technologies exist, includingAPEX,TurboID, andBioID157, they are designed for in-vitro and in-vivo

settings and not directly applicable for in-situ detection. These technical and biological constraints,

together with the labor-intensive nature of PLA and current lack of robustmultiplexing strategies, re-

strict its scalability for comprehensive discovery. As a result, the use of PLA in this dissertation is best

interpreted as a targetedhypothesis-driven approach,whereproximity signalswere evaluated alongside

orthogonal spatial proteomics measurements to support biological interpretation. Such integration

further increases confidence in the relevance of detected proximity events, while demonstrating the

capabilities of PLAwhen applied for functional validation rather than unbiased screening in complex

tissues.

With the anticipated expansion of features detected in spatial biology, the analysis and representa-

tion of spatial omics data increasingly rely on graph-based methods, which provide a natural frame-

work for encoding andmodeling spatial relationships between cells and tissue structures157. Emerging

algorithms92,211,58,30 encompass a diverse set of strategies to produce latent embeddings of biological

features that enable automatic segmentation of tissues into discrete spatial domains and identify spa-

94



tially variable gene expression patterns. While these approaches are highly effective and foundational

for spatial analysis, they typically focus on resolving spatial structure by assigning unique local neigh-

borhoods. The introduction of SGCCherein represents an advancement bymodeling spatial features

as a continuous property of tissue organization to identify how biological features co-vary across tis-

sue space, rather than treating spatial structure as a collection of discrete regions that inform specific

biological activities. This positions SGCC as a complementary analytical framework that links spatial

structure with underlying biological processes across multiple spatial scales.

6.2 Future directions

In hematopathology, the presence of EBV in cHL is considered a heterogeneous and non-defining

virological feature, as EBV is detected in only a subset of cases within an otherwise unified disease

entity. In contrast, EBV-positive DLBCL is recognized as a distinct clinical and pathological entity,

reflecting the association of EBV infection with a reproducible clinical, histological, and molecular

characteristics. This dichotomy underscores a broader limitation of current lymphoma classification

systems, which rely predominantly on morphological and molecular features centered on malignant

cells2. The spatially-resolved patterns described in this dissertation, when integrated with established

histopathological knowledge, could provide a framework to refine lymphoma classification using cri-

teria that are currently unavailable or notwidely scalable in routine diagnostic practice. This approach

has the potential to improve prognostic stratification and inform therapeutic strategies thatmore pre-

cisely target the tumor microenvironment.

Direct clinical implications stem from the EBV-linked differences in T-cell functional states191,189

as the severity of T-cell exhaustion is strongly correlated with poorer responses to checkpoint block-

ade, where T-cells becomes unresponsive upon reaching terminal exhaustion134. This provides a bio-

logical basis regarding the increased risk of relapse for EBV-positive cHL88 and poorer prognosis for
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EBV-positive DLBCL121, which also underscores the importance of incorporating viral status into

clinical strategies. Therefore, there is a strong rationale to re-analyze existing clinical trial datasets strat-

ified by viral status to inform personalized immunotherapeutics, given the potential need for greater

emphasis on strategies that restore T-cell tumoricidal activity in EBV-positive lymphomas. In par-

allel, defining the breadth and immunodominance of their antigenic repertoires represent a critical

and complementary objective, as these features fundamentally shape T-cell engagement, immune es-

cape, and therapeutic durability. The ability for viral oncogenes such as LMP1 to promote T-cell

dysfunction and regulate the tumor antigenic landscape42 further motivates potential virus-targeted

therapeutics, a strategy that has shown favorable safety profile even when administered to vulnerable

transplant patients194.

Although these findings implicate EBV as a major clinical feature that promotes T-cell dysfunc-

tion in the lymphoma tumormicroenvironment191,189, insights remain limited to cHL andDLBCL.

There are also very few studies comparing virus-positive and virus-negative cancers from a spatially-

resolved perspective, with onlyMCC andHNSCCbeing themost prominent examples to date79,125.

A comprehensive understanding of the principles behind virus-mediated remodeling of the tumormi-

croenvironment will require extending such studies to other cancers and across the six additional hu-

man oncogenic viruses. The functional states of immune populations beyond CD4 and CD8 T-cells

will also require further dissection to fully delineate the landscape of immune dysfunction. How-

ever, compared to T-cells, the spectrum of characterized dysfunctional states in other immune cell

types remains more limited. Nonetheless, the spatial multi-modal approaches implemented here pro-

vide opportunities to understand viral and cancer dynamics, paving way towards an integrative atlas

of virus-driven reprogramming of tumor–immune-stromal interactions in the tumor microenviron-

ment.

The variable expression of viral oncogenes in malignant cells, exemplified by the inconsistent and

dynamic range of LMP1 expression in EBV-positive HRS cells (Figure 6.3)191, reframes the con-
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Figure 6.3: LMP1 is among the principal oncogenic genes of EBV and is often assumed to be expressed in all infected
cells. However, although all HRS cells in EBV‐positive cHL express EBER1, only a subset expressed LMP1 in EBV‐positive
tissues that contain LMP1‐positive HRS cells (left), and there are also EBV‐positive tissues in which LMP1 is absent (right).
Data from Yeo et al., 2024 191.

cept of tumor heterogeneity by illustrating that functional and phenotypic diversity may arise inde-

pendently of genetic divergence. This perspective challenges the classical view of malignant cells as

a uniform clonal population142,76, underscoring the notion that a clonal origin does not preclude

such diversity, particularly at the intersection of viral latency programs and host oncogenesis. This

added layer of complexity is especially relevant for EBV-associated lymphomas, where multiple viral

latent and lytic genes were detected, with heterogeneous expression patterns both within and across

patients (Figure 6.1). These observations highlight a critical but unmet need for validated antibodies

and sensitive detection probes targeting viral oncogenes, whichwould enablemore precise delineation

of viral phenotypes in situ. Such reagents would also be particularly valuable for contextualizing the

body of in-vitro literature onEBVoncogenesiswith specific states of EBV-associated disease by linking

viral gene expression dynamics to functional consequences; for example, by clarifying how abortive

lytic activation rewires malignant cell signaling to augment immunosuppression within the tumor

microenvironment.

Despite the resource intensive nature of antibody panel development, new chemistries are con-

tinuously being optimized to improve labeling efficiency and retention of antibody specificity. In

parallel, proximity labeling technologies such as PLA that provide a complementary avenue to in-
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fer molecular interactions in situ remains limited in their utility due to technical constrains and a

lack of multiplexing capacity. Incremental improvements aimed at improving multiplexing122 and

leveraging smaller affinity reagents such as nanobodies14 currently are being made to enhance the

specificity and interpretability of these measurements. Furthermore, antibody-independent spatial

proteomics are emerging such as deep visual proteomics136, which combines laser microdissection

with mass spectrometry–based proteome profiling of the tissue section. While this approach enables

unbiased proteome coverage, its capacity for robust cell type identification remains limited due to

the complexity and contextual ambiguity of protein expression across diverse cell populations. Ulti-

mately, future advancements should implement hybrid strategies that integrate the high specificity of

antibody-based detection and interaction-aware proximity assays with the depth and breadth of un-

targeted proteomics, which is potentially enabled through IN-DEPTH189. Such convergence would

harmonize precision and scalability, thus providing a practical approach towards targeted and com-

prehensive spatial profiling.

A critical gap remains in translating biological and clinical insights from spatial datasets into ac-

tionable therapeutic strategies. This is because spatial biology primarily captures emergent functional

interactions rather than establishes causality or directionality, and thus does not map directly onto

discrete druggable targets. Moreover, spatially-informed insights are derived from static snapshots of

the disease, which limits inference of the temporal dynamics and causative interactions that govern

therapeutic response. Additional barriers include patient-to-patient heterogeneity, batch effects, lim-

ited cross-cohort validation of spatial features, and practical constraints related to scalability and data

standardization. Collectively, these challenges underscore the need for strategies that enable rapid

evaluation of candidate interventions, which can inform therapeutic development while serving as a

functional validation of potential biological mechanisms. Amajor obstacle to this effort is the lack of

animal models that faithfully recapitulate disease biology, particularly for human oncogenic viruses

that are highly adapted to the human host. This limitation calls for new experimental systems for
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preclinical testing, including organoid43, organ-on-chip19, and patient-derived tumor fragment plat-

forms197, which provide physiologically relevant and tractablemodels of disease. While challenging to

develop, these systems are amenable to controlled perturbation and are compatible with both spatial

and traditional multi-omics profiling.

As experimental platforms continue to mature, new analytical frameworks that integrate multi-

dimensional data will be essential for extracting mechanistic insights. The developments in this dis-

sertation, by combining spatial proteomics and transcriptomics, have provided high-resolution in-

sights into the biology of virus-associated cancers. With continued technological progress, such ap-

proaches are poised to deliver increasingly mechanistic and comprehensive insights into disease pro-

cesses. Future directions include the expansion of spatial multi-omics to encompass additional molec-

ular modalities, such as glycomics and metabolomics, to enable a more complete understanding of

post-translational regulation andmetabolic states that govern cell-cell communication. In parallel, the

development of in-situmultiplexed proximity labeling would enable a comprehensive view of molec-

ular interactions and signaling networks that coordinate spatial reorganization during disease pro-

gression. These advances may be empowered by the optimization principles of IN-DEPTH, which

emphasize the retention of tissue morphology and preservation of molecular features, and the mathe-

matical formulation of SGCC,which provides a feature-agnostic representation of biological features

that is applicable across diverse contexts.

While SGCC provides a robust framework for identifying spatially coordinated biological pro-

cesses, its current implementation primarily emphasizes smooth low-frequency graph Fourier modes.

This design parallels related graph spectral methods, as low-frequency components are generally con-

sidered to be themost reflective of coordinated biological processes30,94. However, observations from

other spatially structured biological systems suggest that medium and high-frequency Fourier modes

can encode distinct classes of functional biological phenomena characterized by more localized and

rapidly varying spatial patterns; for instance, in functional neuroimaging where high-frequency com-
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Figure 6.4: Comparison of cell type deconvolution methods using spatial transcriptomics data from tonsil tissues profiled
with CODEX–GeoMx IN‐DEPTH. The evaluated algorithms were generally inaccurate especially when resolving granular
cellular populations (left) and produced inconsistent estimates across methods (right). Figure from Yeo et al., 2024189.

ponents could capture transient brain activities in response to external stimuli94. In the context of

viral and cancer immunology, high-frequency components may reflect transient features including

localized immune activation around infected or malignant cells, as well as specific immune niches

driven by local cytokine gradients. Future extensions of SGCC that incorporate multiple frequencies

could provide a more comprehensive view of tissue organization by integrating global spatial patterns

with localized functional processes.

The vast amount of high-quality data generated in this dissertation will also enable future com-

putational advancements. For example, the application of IN-DEPTH on tonsil tissues using the

CODEX-GeoMx implementation provided ground-truth transcriptomic capture of precisely defined

cell populations, which can refine bulk deconvolution methods. Initial benchmarking on four pop-

ular deconvolution algorithms (CIBERSORT140, dtangle99, MuSic199, SpatialDecon50) revealed in-

consistent results when estimating the relative abundances across all cell populations, highlighting a

need for improvement (Figure 6.4). Additionally, the spatial coordination of T-cell dysfunction in

EBV-positive cHLandDLBCLsuggests that pseudotime trajectory concepts from single-cellRNAse-
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quencing could be adapted into a “spatial pseudotime” framework, enabling dynamic reconstruction

of immune dysfunction as a process that evolves within the tissue. Such approaches would further

emphasize spatial context as an essential axis of biological function rather than treating it as an or-

thogonal feature appended to discrete molecular measurements, a concept that is now beginning to

be explored178,110,98.

Finally, the cumulative efforts of this dissertation are directed towards a long-term vision of a uni-

fied view of the tissue architecture in order to fully understand the biological mechanisms that lead

to disease. Such a vision would be realized through three-dimensional live imaging across multiple

biological modalities while remaining perturbable at all levels. At present, spatial technologies re-

main largely limited by their inherently two-dimensional and static nature. Early progress toward

this goal includes three-dimensional spatial proteomics18 and spatial transcriptomics approaches65,

emerging technologies for live-cell imaging111 and transcriptomics36, and in vivoCRISPR screening

methods170. In parallel, rapid advancements in computational biology are providing a complemen-

tary path forward. The emergence of general-purpose foundationmodels trained on large-scale spatial

datasets offers a powerful framework for learning shared and transferable biological representations

that capture tissue organization, cell-cell interactions, and molecular signatures. For example, Cell-

SAM, a cell segmentation foundationmodel, has addressed a critical bottleneck in spatial data analysis

by achieving near human-level performance across biological systems ranging from prokaryotic to eu-

karyotic model organisms, and across multiple imaging modalities126. Building on this paradigm,

recent spatial proteomics foundation models such as KRONOS173 and EVA118 demonstrate can

rapidly distill complex imaging datasets into meaningful spatial representations to enable tasks such

as cell phenotyping, neighborhood identification, and patient stratification without extensive man-

ual intervention. Together with virtual cell simulations188 and other emerging generative modeling

approaches, these developments may ultimately support predictive and mechanistic hypotheses that

bridge static observations with dynamic biological processes.
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Achieving this visionwill be very challenging, but as history has shown, progress in biology requires

daring ambition. After all, success will only come to those who dare to dream, have the courage to

pursue those dreams, and the determination to realize them.
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A
Information on Tumor Specimens

The following tissue samples were used in this study and graciously provided by Dana-Farber Can-

cer Institute (IRB# 2016P002769, 2014P001026), University of Rochester Medical Center (IRB#

STUDY159), and University of Tübingen. Each row represents a unique patient, and multiple sam-

ples may have been used per patient. The metadata was used for batch effect correction for spatial

transcriptomics analysis. Detailed information can be found in the corresponding articles191,189.
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Table A.1: Metadata for the Dana‐Farber Cancer Institute (DFCI) cohort for MIBI in the EBV cHL study.

Institution Sex Histologic Subtype EBV

DFCI M Mixed Cellularity +
DFCI M Mixed Cellularity -
DFCI F Mixed Cellularity +
DFCI F Mixed Cellularity -
DFCI M Mixed Cellularity +
DFCI M Mixed Cellularity -
DFCI F Mixed Cellularity +
DFCI M Mixed Cellularity -
DFCI F Mixed Cellularity -
DFCI M Mixed Cellularity -
DFCI F Nodular Sclerosis -
DFCI M Nodular Sclerosis -
DFCI F Nodular Sclerosis -
DFCI M Nodular Sclerosis -
DFCI F Nodular Sclerosis -
DFCI F Nodular Sclerosis -
DFCI F Nodular Sclerosis -
DFCI M Nodular Sclerosis -
DFCI M Mixed Cellularity +
DFCI M Mixed Cellularity +
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Table A.2: Metadata for the Dana‐Farber Cancer Institute (DFCI) cohort for GeoMx in the EBV cHL study.

Institution Sex Histologic Subtype Age Biopsy Site EBV

DFCI M Nodular Sclerosis 22 Mass (left neck) -
DFCI M Nodular Sclerosis 25 LN (station 4R) +
DFCI M Mixed Cellularity 60 LN (left neck level 5) +
DFCI M Mixed Cellularity 47 Mass (submental) -
DFCI M Mixed Cellularity 73 LN (station 7) -
DFCI F Mixed Cellularity 56 LN (right cervical) +
DFCI M Mixed Cellularity 21 LN (left neck) -
DFCI Unknown Mixed Cellularity 32 Mass (right neck) -
DFCI F Mixed Cellularity 18 LN (right axillary) -
DFCI M Nodular Sclerosis 27 LN (deep cervical) +
DFCI F Nodular Sclerosis 29 Mass (left neck) -
DFCI M Nodular Sclerosis 41 Mass (right supraclavicular) -
DFCI M Nodular Sclerosis 52 LN (station 4R) +
DFCI M Nodular Sclerosis 19 Mass (left neck) -
DFCI M Nodular Sclerosis 50 LN (deep cervical) +
DFCI M Nodular Sclerosis 71 LN (left cervical) +
DFCI F Nodular Sclerosis 62 LN (right inguinal) -
DFCI F Nodular Sclerosis 22 Mass (sternal) -
DFCI Unknown Nodular Sclerosis 46 LN (unknown) +
DFCI M Nodular Sclerosis 44 LN (right inguinal) -
DFCI M Mixed Cellularity 66 LN (left supraclavicular) +
DFCI M Nodular Sclerosis 33 LN (level 3) -
DFCI M Mixed Cellularity 65 LN (right axillary) +
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Table A.3: Metadata for the University of Rochester Medical Center cohort for GeoMx in the EBV cHL study. NOS, not
otherwise specified.

Institution Sex Histologic Subtype Age Biopsy Site EBV

Rochester F Mixed Cellularity 25 LN (retroperitoneal) +
Rochester M Nodular Sclerosis 31 LN (supraclavicular) -
Rochester M Nodular Sclerosis 23 LN (cervical; level 2) -
Rochester M Nodular Sclerosis 24 LN (supraclavicular) -
Rochester M Mixed Cellularity 18 Mass (neck) +
Rochester M Nodular Sclerosis 69 LN (cervical) -
Rochester F Nodular Sclerosis 27 LN (axillary) -
Rochester F Nodular Sclerosis 25 LN (cervical; level 5) -
Rochester M Mixed Cellularity 38 LN (scalene) -
Rochester F Mixed Cellularity 22 LN (cervical; level 5) -
Rochester F Mixed Cellularity 37 LN (cervical; level 6) +
Rochester M NOS 53 LN (axillary) +
Rochester M Nodular Sclerosis 62 LN (periaortic) +
Rochester M Mixed Cellularity 24 LN (axillary) +
Rochester F Nodular Sclerosis 61 LN (inguinal) +
Rochester F Nodular Sclerosis 23 LN (cervical, level 1b) -
Rochester F Nodular Sclerosis 85 LN (axillary) -
Rochester M Nodular Sclerosis 54 LN (supraclavicular) -
Rochester M Nodular Sclerosis 66 LN (paraaortic) +
Rochester M Mixed Cellularity 80 LN (axillary) +
Rochester M Mixed Cellularity 22 LN (cervical; level 2) +
Rochester M Mixed Cellularity 27 LN (submandibular) +
Rochester F NOS 52 LN (axillary) +

106



Table A.4: Metadata for the Dana‐Farber Cancer Institute (DFCI) cohort for CosMx in the EBV cHL study.

Institution Sex Histologic Subtype Age Biopsy Site EBV

DFCI M Nodular Sclerosis 25 LN (station 4R) +
DFCI M Nodular Sclerosis 27 LN (deep cervical) +
DFCI M Nodular Sclerosis 52 LN (station 4R) +
DFCI M Nodular Sclerosis 45 LN (subcarinal level 7) +
DFCI M Nodular Sclerosis 71 LN (left cervical) +
DFCI Unknown Nodular Sclerosis 46 LN (unknown) +
DFCI M Nodular Sclerosis 22 Mass (left neck) -
DFCI F Nodular Sclerosis 29 Mass (left neck) -
DFCI M Nodular Sclerosis 41 Mass (right supraclavicular) -
DFCI M Nodular Sclerosis 19 Mass (left neck) -
DFCI F Nodular Sclerosis 22 Mass (sternal) -
DFCI M Nodular Sclerosis 44 LN (right inguinal) -
DFCI M Nodular Sclerosis 33 LN (level 3) -
DFCI Unknown Mixed Cellularity 32 Mass (right neck) -
DFCI F Nodular Sclerosis 38 Nodule (right lung) +
DFCI M Mixed Cellularity 65 LN (right axillary) +
DFCI M Mixed Cellularity 60 LN (left neck level 5) +
DFCI F Mixed Cellularity 27 LN (left cervical) +
DFCI F Mixed Cellularity 56 LN (right cervical) +
DFCI M Mixed Cellularity 47 Mass (submental) -
DFCI M Mixed Cellularity 21 LN (left neck) -
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Table A.5: Metadata for the University of Tübingen cohort for CosMx in the EBV cHL study. NOS, not otherwise specified.

Institution Histologic Subtype EBV

Tübingen Lymphocyte Rich -
Tübingen Mixed Cellularity +
Tübingen Lymphocyte Rich +
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen Mixed Cellularity +
Tübingen Nodular Sclerosis -
Tübingen NOS +
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen Mixed Cellularity +
Tübingen Nodular Sclerosis -
Tübingen Mixed Cellularity +
Tübingen NOS -
Tübingen Mixed Cellularity +
Tübingen NOS +
Tübingen Mixed Cellularity +
Tübingen Mixed Cellularity +
Tübingen Mixed Cellularity +
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Table A.6: Metadata for the University of Rochester Medical Center cohort for CODEX‐PLA in the EBV cHL study. NOS,
not otherwise specified.

Institution Histologic Subtype EBV

Rochester Nodular Sclerosis +
Rochester Mixed Cellularity +
Rochester Mixed Cellularity +
Rochester Mixed Cellularity +
Rochester NOS +
Rochester Nodular Sclerosis +
Rochester Nodular Sclerosis -
Rochester Nodular Sclerosis -
Rochester Nodular Sclerosis -
Rochester NOS +
Rochester Mixed Cellularity +
Rochester Nodular Sclerosis -

Table A.7: Metadata for the University of Tübingen cohort for CODEX‐PLA in the EBV cHL study. NOS, not otherwise
specified.

Institution Histologic Subtype EBV

Tübingen Lymphocyte Rich +
Tübingen Lymphocyte Rich -
Tübingen Lymphocyte Rich -
Tübingen NOS +
Tübingen Mixed Cellularity +
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen Lymphocyte Rich +
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen Mixed Cellularity +
Tübingen Mixed Cellularity +
Tübingen Nodular Sclerosis -
Tübingen Nodular Sclerosis -
Tübingen NOS +
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Table A.8: Metadata for the Dana‐Farber Cancer Institute (DFCI) cohort for CODEX‐GeoMx in the IN‐DEPTH study.

Institution Sex Age Biopsy Site EBV

DFCI M 52 Mass (neck) +
DFCI M 27 SMBWL (ileocecum) +
DFCI F 78 LN (cervical) +
DFCI M 40 LN (axillary) +
DFCI M 69 LN (neck) +
DFCI M 67 LN (cervical) +
DFCI M 75 LN (axillary) -
DFCI M 29 Mass (mesenteric) -
DFCI F 59 Mass (chest wall) -
DFCI M 56 LN (neck) -
DFCI M 43 LN (arm, soft tissue) -
DFCI F 68 Axillary (nasopharynx) -
DFCI M 77 LN (cervical) -
DFCI M 87 Mass (arm) -

Table A.9: Metadata for the University of Rochester Medical Center cohort for CODEX‐GeoMx in the IN‐DEPTH study.

Institution Sex Age Biopsy Site EBV

Rochester F 21 LN (cervical) +
Rochester M 78 LN (cervical) -
Rochester M 66 LN (cervical) +
Rochester M 63 SMBWL +
Rochester F 39 LN (cervical) +
Rochester F 60 Spleen -
Rochester M 64 LN (inguinal) -
Rochester F 64 Lung +
Rochester M 58 LN (axillary) +
Rochester M 69 Mass (anal) +
Rochester M 70 LN (inguinal) +
Rochester F 52 LN (axillary) +
Rochester M 63 LN (mesenteric) -
Rochester M 62 LN (inguinal) +
Rochester F 64 LN (axillary) -
Rochester M 64 SMBWL (colon) +
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Table A.10: Metadata for the University of Tübingen cohort for CosMx in the IN‐DEPTH study.

Institution Comments EBV

Tübingen In part Hodgkin-like morphology +
Tübingen With Hodgkin-like morphology, latency type 2 +
Tübingen Non-germinal center type +
Tübingen Not otherwise specified +
Tübingen Not otherwise specified +
Tübingen / +
Tübingen With latency type 2 +
Tübingen Not otherwise specified +
Tübingen / -
Tübingen / -
Tübingen / -
Tübingen / -
Tübingen / -
Tübingen / -
Tübingen / -
Tübingen / -
Tübingen / -
Tübingen / -
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