
 

 

  

 

 

Integrative systems analysis of the influence of tissue niches on human immune cells 

 

Daniel P. Caron 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Submitted in partial fulfillment of the 

requirements for the degree of 

Doctor of Philosophy 

under the Executive Committee 

of the Graduate School of Arts and Sciences 

 

 

 

COLUMBIA UNIVERSITY 

 

 

2025 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© 2025 

Daniel P. Caron 

All Rights Reserved



 

 

Abstract 

Integrative systems analysis of the influence of tissue niches on human immune cells 

Daniel P. Caron 

  

 A preponderance of the bodyôs immune cells resides and functions within tissue, rather 

than in circulation. Murine models suggest the tissue microenvironment drives tissue-specific 

molecular profiles in immune cells; however, the restricted availability of healthy human tissue 

samples for research has limited our understanding of how various lineages and subsets of human 

immune cells are impacted by their tissue contexts. Here, we employ a systems approach to profile 

RNA, surface protein and immune receptor expression of >1.5 million immune cells isolated from 

human organ donor blood, lymphoid tissues, and mucosal barriers. Using these data, we define 

transcriptomic signatures of tissue-residency, identify tissue- and subset-specific trends with age, 

and probe hypotheses regarding how tissue-resident populations are maintained throughout life.  

While transcriptomic data has proven invaluable for relatively unbiased profiling of 

heterogeneous cellular states, transcriptomic profiles cannot always delineate the immunological 

subsets defined by decades of surface proteome profiling. Multimodal sequencing technology, 

such as Cellular Indexing of Transcriptomes and Epitopes (CITE)-seq enables simultaneous 

profiling of single-cell transcriptomes and surface proteomes, offering potential to greatly improve 

cell type annotation accuracy. Here, we propose and evaluate algorithmic advancements in batch-

correction (landmark registration) and joint-classification (Multi -Modal Classifier Hierarchy; 

MMoCHi) of these data, together facilitating accurate, granular annotation of immune subsets, 

such as discriminating CD4+ and CD8+ memory T cell subsets, various populations of cytotoxic 

lymphocytes, and rare subsets of dendritic cells.  



 

 

We next explored molecular signatures associated with tissue-specific populations to 

understand the impacts of tissue on human immune cells. This high-quality annotation allowed us 

to distinguish between molecular programs underlying tissue-adaptation in immune cells and 

tissue-differences brought about by shifts in immune subset composition. We identify signatures 

of tissue-residency affecting expression of adhesion molecules, metabolism pathways, as well as 

soluble mediators and receptors of immune signaling. By relating these tissue-specific signatures 

across these diverse immune lineages (T cells, NK cells, ILCs, B cells, macrophages, etc.), or 

specific subsets (e.g., memory T cell subsets, niche-specific populations of macrophages) we 

identify broadly shared molecular programs suggestive of conserved regulatory mechanisms 

driving tissue-specific processes. As a consequence of this tissue-residency, we identified that age-

associated effects were manifested in specific lineages and sites as revealed by macrophages in 

mucosal sites, B cells in lymphoid organs, and specific T and NK cell subsets across blood and 

tissues.  

 Finally, in addition to evaluating these molecular signatures, we also leveraged molecular 

profiling and immune receptor sequencing to understand maintenance of two major tissue-resident 

immune lineages, macrophages and T cells. Examining macrophage heterogeneity in tissues, we 

identify evidence for a dynamic equilibrium of monocyte-replenishment and self-renewal at 

homeostasis. T cell compartmentalization across tissues indicated that localized expansion and in 

situ differentiation of resident memory T cell subsets occur upon antigen encounter in barrier 

tissues.  

Together, our results reveal tissue-specific signatures of immune homeostasis throughout 

the body, providing a molecular basis for immune variation from which to better understand 

immune pathologies across the human lifespan. 
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Chapter 1: Introduction  
 

1.1 Immune system overview 

Throughout our li ves, our body is faced with a near-constant assault of infectious agents, 

toxic substances, and malignant cells. Upon establishing a foothold within the body, bacteria, 

fungi, or virusesðcollectively referred to as pathogensðcan disrupt physiological functions and 

cause disease. Selective pressure over hundreds of millions of years has driven the evolution of 

cells, proteins, and secreted factors to aid in fighting these threats, removing toxins, and repairing 

wounded tissue. Our defenses comprise organ-level barriers to prevent infection, specialized cells 

which coordinate killing or cleanup of threats, germline-encoded sensors for pathogens or damage, 

and even a microcosm of directed, accelerated evolution within our bodies to adapt to novel threats. 

Together, we refer to this multifaceted network as the ñimmune system.ò 

Although we depend on its continued functionality, our scientific understanding of the 

immune system is still a dynamic and rapidly evolving field. The earliest recorded study of 

immunity dates back to the 5th century B.C.E., when Thucydides described individuals who, after 

recovering from plague, did not recontract the disease1. These individuals were thought to be 

ñimmuneò (from the Latin ñimmunis,ò meaning ñexemptò) from further illness2. Over the next two 

thousand years, early attempts of inducing this immunityðby inoculating healthy individuals with 

pathogenic materialðculminated in the development of the first vaccines1. Although early 

research was defined by the study of immunity to repeat infections, the modern field of 

immunology encompasses many more diverse roles of the immune system. 
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Innate and adaptive immunity 

The functions of the immune system can be segregated into two distinct arms: innate and 

adaptive immunity. The innate immune system relies on genetically-encoded pattern-recognition 

receptors (PRRs) which recognize and respond to specific pathogen- or damage-associated 

molecular patterns (PAMPs and DAMPs, respectively)3. These receptors, including toll-like 

receptors (TLRs) and C-type lectin receptors (CLRs), are distributed intracellularly and on the cell 

surface to sense PAMPs, such as bacterial cell wall components or foreign nucleic acid material3. 

In some cases, DAMP- and PAMP-identification depends on the sub-cellular localization of the 

molecules; while double stranded DNA is present in all cellsô nuclei, some PRRs are carefully 

positioned within the cell to raise alarm when DNA is detected in aberrant cellular compartments4. 

PRRs are highly expressed on various innate immune lineages, with subset- and tissue-dependent 

expression patterns5, allowing for context-dependent responses to foreign materials. Upon 

activation (e.g. sensing of pathogens through PRRs), these innate immune cells can produce 

soluble mediators including chemokines and cytokines, which act as chemoattractant and 

polarization signals, respectively, to coordinate immune responses. Other populations of innate 

cells are primed with chemokine and cytokine receptors to either amplify these immune signals or 

effectuate immunity (e.g. by cytotoxicity).  

Although this innate immune arm is effective at defense against a broad range of potential 

pathogens, it cannot offer complete protection for the host species. Pathogens evolve much more 

rapidly than the host species they target, allowing them to efficiently evade the hostôs germline 

encoded PRRs (for example by mutating or masking PAMPs6) and continue to infect the host 

species. Many vertebrates, therefore, engage a second branch of immune responses: the adaptive 
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immune system7. Adaptive immune cells (T and B cells) have a unique ability to rearrange their 

DNA to create novel immune receptors, allowing for detection of novel non-self antigen8. 

Although powerful, the recombination, maturation, and activation of these immune receptors is a 

slow process and requires careful regulation to prevent development of autoimmune (anti-self) 

responses9. Thus, mounting an effective adaptive immune response can require days to weeks.  

Establishing the cellular components of the immune system 

The immune system is comprised of many specialized cells, collectively known as white 

blood cells (leukocytes). Distinct lineages of immune cells primarily mediate either innate or 

adaptive immunity, however, interaction between these two branches is essential for proper 

responses. Additionally, while the hallmark of adaptive immune cells are their novel immune 

receptors, they can also effectuate innate functions through expression of PRRs and cytokine 

receptors10. The breadth of immune cell lineages primarily arises through differentiation of 

hematopoietic stem cells (HSCs) in the bone marrow. Leukocytes can be segregated into several 

broad lineages, each composed of many discrete subsets (Table 1.1). Through the process of 

hematopoiesis, even a single HSC can replenish all major immune lineages as well as many other 

essential blood cells, including megakaryocytes and red blood cells11 (Figure 1.1a). Once 

developed, these immune cells localize across the body to perform a variety of functions, including 

initial sensing of infection, inflammation, triggering adaptive responses, resolution, and 

establishment of memory.  

 Some immune cells, most notably macrophages (Mūs)12, have also been shown to arise 

in embryonic development prior to HSC maturation (Figure 1.1b). These cells initially develop 

from primitive erythroid-myeloid progenitors (EMPs) in the embryonic yolk-sac13, and seed into  
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Table 1.1 Human immune cell lineages. 

Lineage Subset 
Primary 
localization Primary immune functions 

M
y
e

lo
id

 

G
ra

n
u

lo
c
y
te

s
 

Neutrophil Circulation 
Inflammation, phagocytosis, 
antimicrobial degranulation 

Eosinophil Bone marrow Anti-parasitic and allergic responses 

Basophil Circulation Histamine and cytokine degranulation 

Mast cell 
Connective 
tissue 

Histamine and cytokine degranulation 

M
o

n
o

c
y
ti
c
 

Monocyte Circulation 
Inflammatory responses, precursors 
to dendritic cells and macrophages 

Macrophage 
All peripheral 
tissues 

Phagocytosis, antigen presentation, 
sensing PAMPs inflammation 

Monocyte-derived 
dendritic cell 

Tissues and 
circulation 

Antigen presentation, cytokine 
production 

D
C

s
 

Type 1 conventional 
dendritic cell  

Tissues and 
circulation 

Antigen presentation to CD8+ T cells 

Type 2 conventional 
dendritic cell 

Tissues and 
circulation 

Antigen presentation to CD4+ T cells 

L
y
m

p
h

o
id

 

In
n

a
te

 L
y
m

p
h

o
c
y
te

s
 

Type 1 innate  
lymphoid cell 

Tissues and 
circulation 

Viral immunity, production of IFNɔ  
and cytotoxic mediators  

Type 2 innate  
lymphoid cell 

Tissues and 
circulation 

Parasitic and allergic responses, 
production of IL-4, IL-5, IL-13 

Type 3 innate  
lymphoid cell 

Tissues and 
circulation 

Extracellular microbial defense, 
production of IL-17, IL-22, 
lymphotoxin  

Natural killer cell 
Tissues and 
circulation 

Surveillance and cytotoxicity towards 
virally infected or malignant cells 

Plasmacytoid  
dendritic cell 

Tissues and 
circulation 

Intracellular pathogen defense, 
production of IFNɔ  

T
 c

e
lls

 

ɔŭ T cell 
Tissues and 
circulation 

Invariant TCR, thought to primarily 
mediate lipid antigen recognition 

Invariant Ŭɓ T cell 
Tissues and 
circulation 

MAIT and NKT, antigen presentation 
of specific bacterial metabolites 

CD4+ (helper) T cell 
Tissues and 
circulation 

Support B cell, cytotoxic T cell, and 
macrophage activity.  

CD8+ (cytotoxic) T cell 
Tissues and 
circulation 

Cell killing, inflammatory signaling 

Regulatory T cell 
Tissues and 
circulation 

Immunosuppression, restricting 
autoimmune responses 

B
 c

e
lls

 B cell 
Tissues and 
circulation 

Antigen presentation, BCR 
maturation,  antibody production 

Plasma cell 
Tissues and 
circulation 

Antibody production at scale 
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diverse tissues, supporting essential developmental processes (e.g., synaptic pruning in the 

brain14). Upon establishment of a leukocyte progenitor niche in the fetal liver, EMPs (and later 

HSCs) give rise to the first waves of fetal monocytes13, which also populate tissue. Finally, these 

progenitors migrate to mature bone marrow niches, where they orchestrate leukocyte production 

in infancy and throughout adulthood (Figure 1.1b). The embryonic yolk-sac- and fetal-derived Mū 

populations within tissue are maintained either by local self-renewal or monocyte replenishment, 

establishing tissue-resident populations of distinct developmental origin across the body15.  

 Adaptive immune cells, on the other hand, require additional maturation steps to ensure 

their novelly rearranged immune receptors function properly and can effectively distinguish self 

from non-self (to avoid autoimmunity)8. Thus, these cells undergo intensive selective pressure in 

the bone marrow, thymus, or peripheral tissues, where stromal and epithelial cells guide 

development of their immune receptors8. Consequently, mature adaptive immune cells take longer 

to populate peripheral tissues during development, with the density of adaptive T cells increasing 

rapidly in both the lung and intestine in the first two years of life16.  

1.2 Organs and tissues of the immune system 

 A preponderance of immune cells in the body are not in circulation, but instead reside 

within specialized tissue compartments17 including both lymphoid organs and barrier sites. 

Compartmentalization of immune cells across specific organ niches is essential for the immune 

systemôs function, and within these niches, immune cells adopt unique phenotypic, transcriptomic, 

and functional profiles18. Thus, although sampling healthy human tissue is difficult19,20, 

understanding the impact of tissue on immune cells and vice versa is of critical importance.  
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Figure 1.1: The development of immune lineages through embryogenesis and 

hematopoiesis 

(a) Schematic of hematopoiesis. A hematopoietic stem cell (HSC) can differentiate into a common 

lymphoid progenitor (CLP) or a common myeloid progenitor (CMP). The CMP can further 

differentiate into a granulocyte macrophage progenitor (GMP) or a megakaryocyte-erythroid 

progenitor (MEP). These multipotent progenitors can then produce all blood lineages: T cells, 

natural killer (NK) cells, innate lymphoid cells (ILCs), B cells, macrophages, granulocytes, 

megakaryocytes (MK) and erythrocytes. (b) During embryogenesis, an initial wave of 

macrophages are produced in the yolk-sac blood islands and distributed across peripheral tissues. 

Later on, CMPs and HSCs migrate to the fetal liver to coordinate production of a complete immune 

component. Finally, HSCs migrate to the bone marrow, where they continue to produce blood cells 

through adult life.  
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Many studies are limited to examining dynamics of immune cells in circulation, but it is 

important to understand that circulation is a unique environment for immune cells. Unlike in other  

tissues, white blood cells migrating through the bodyôs blood vessels21 and lymphatics22 

experience immense shear stress which deforms cells and complicates direct cell-cell interactions. 

For immune cells to exit circulation, they must first slow themselves down by expressing 

glycoprotein receptors known as selectins, which transiently bind to ligands on endothelial cell 

surface to induce a ñrollingò behavior23. This initiates a cascade of cell-cell interactions which can 

allow for migration across the endothelial membrane in a process referred to as extravasation23 

(Figure 1.2). Many cell-cell interactions, such as those required for antibody production, would 

not be possible in circulation as they require tightly packed organization of immune cells, which 

is primarily available in secondary or tertiary lymphoid structures24.  

Lymphoid organs 

Lymphoid organs across the body serve two primary functions: directing production and 

development of immune cells and facilitating immune cell-cell interactions, such as those required 

to mount an adaptive immune response (Figure 1.3). Throughout most of life, immune cells are 

produced by HSCs in the bone marrow25. Following their production, B cell precursors migrate 

within the bone marrow, while T cell precursors travel to the thymus, both undergoing additional 

maturation and selective pressures25. Secondary lymphoid structures (e.g., splenic white pulp, 

Peyerôs patches, and lymph nodes) contain highly ordered, densely packed clusters of T and B 

cells, facilitating immune cell interactions and regulating the initiation of adaptive immune 

responses25. These lymphoid organs are connected to the peripheral tissues in the body by a 

complex network of lymphatic vessels26. Although most secondary lymphoid organs develop  
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Figure 1.2: Entry of immune cells into tissue 

To extravasate into tissues, a leukocyte must first initiate rolling behavior through transient 

interactions with selectins. Upon slowing down, integrin interactions allow for tight binding, 

spreading, and crawling along endothelial cells. Finally, expression of junction molecules can 

allow for transmigration across the endothelium. Example receptor-ligand pairs are displayed 

above each step. For all pairs, the moiety expressed by the leukocyte is displayed on the left side 

of the ñ::ò, and the moiety expressed by endothelial cells on the right.  

 

during embryogenesis, their structure and composition can dynamically change during infection, 

and some additional lymphoid tissues (e.g. mucosal-associated lymphoid tissue; MALT) develop 

after birth27. In the presence of chronic infection, autoimmunity, or cancer, additional lymphoid 

organs, known as tertiary lymphoid structures, can also develop27. 

Barrier tissues 

Barrier tissues, including the skin, gastrointestinal tract, and lungs, mediate the bodyôs 

interactions with the environment; simultaneously excluding microbial pathogens while 
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facilitating exchange of gas (in lungs) or nutrients (in intestines) (Figure 1.3). Epithelial cells are 

positioned at the bodyôs barrier tissues, and form tight junctions to seal the pericellular area from 

free diffusion of water, solutes, macromolecules, or microbes28. Specialized epithelial cells allow 

for controlled exchange; for example, to enable gas exchange with local capillaries, type I alveolar 

epithelial cells take on a flat morphology to reduce the air-blood barrier, while type II alveolar 

epithelial cells modulate levels of alveolar fluid and surfactant (a surface film-layer) to capture 

and dissolve gases29. To mediate protection from microbial pathogens, epithelial cells are 

supported by intraepithelial immune cells, such as macrophages or lymphocytes, positioned 

directly at these barriers30. Other immune cells, positioned deeper within the tissues, such as in the 

lung parenchyma, or the intestinal lamina propria, form a second line of defense against invading 

pathogens,  and can contribute to immune coordination with the rest of the body31.  

To coordinate sub-tissue localization, immune cells across the body are directed by a 

myriad of small, chemotactic molecules, such as chemokines. As we will discuss below, the ability 

of immune cells to position themselves in tissues or within specific microanatomical niches is 

essential to their function. 

Macrophages as a strategically positioned surveillance system 

To effectively surveil for foreign antigens and signs of damage, innate immune cells (in 

particular Mūs) are positioned across the body, in lymphoid organs, barrier tissues, and in 

otherwise immune-privileged sites32. Mūs express a wide array of PRRs and cytokine receptors, 

which, upon ligand binding, trigger a myriad of immune cell functions, including production of 

inflammatory cytokines or secretion of cytotoxic effectors3,33 as well as phagocytosis (a process 

of engulfment and degradation of cells or debris for which Mūs were originally identified34).  
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Figure 1.3: Unique requirements for immune cells across tissues 

Venn diagrams displaying features and requirements for immune function in various lymphoid (a) 

or mucosal (b) tissues.  

 

Diverse trajectories of Mū polarization are responsible for mediating a broad spectrum of immune 

responses, ranging from inflammation to silent killing to immune tolerance35. Their broad 

distribution across the body, combined with Mūôs high expression of immune sensors and diverse 

functional heterogeneity, allow Mūs to orchestrate and regulate every process of innate and 

adaptive immune responses from initiation to resolution36.  

Because Mūs are long-lived, remain in their tissue-of-origin, and are subdivided by site-

specific properties, we refer to them as ñtissue-residentò immune cells. These tissue-specific 

adaptations include varying transcriptomic and epigenetic profiles37, functional roles38, mobility 
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and localization39, and responses to stimulation40. Owing to tissue adaptations and distinct 

developmental origins, Mūs of the central nervous system, connective tissue, liver, and skin 

exhibit such disparate properties that they each have their own unique designation (microglia, 

histocytes, Kupffer cells, and Langerhans cells, respectively)41. Because of their long-term 

residence in tissues, Mūs have also evolved to act as integral operatives in homeostatic tissue 

function, including efferocytosis, mediating the phagocytosis of apoptotic cells, which is essential 

in many tissues to prevent accumulation of cell debris during baseline turnover34. Mū metabolism 

maintains levels of iron, calcium, lipids, and amino acids42 and Mūs conduct development and 

maturation of many organ systems, including modulation of synaptic pruning14, regulation of the 

cardiac rhythm43, and induction of skeletal muscle fiber repair during exercise44, among other 

functions38.  

Coordinating inflammation through granulocytes and innate lymphocytes 

 Other innate immune cells are distributed across the body either in circulation or resident 

to specific tissue-niches. For example, neutrophils, mast cells, basophils, and eosinophils are 

armed with secretory vesicles filled with cytokines and effector molecules ready to be released at 

a momentôs notice. These secretory vesicles appear as small ñgranulesò when examined under a 

light microscope, leading to the name of their lineageðgranulocytes. Upon activation, these cells 

will rapidly migrate to the site of inflammation, discharge their granules, and produce additional 

cytokines and chemokines to attract and direct other immune cells. 

One granulocyte subset, neutrophils, is predominantly found in circulation, although some 

persist in tissue niches17. Neutrophils can be directly activated through TLR signaling, complement 

signaling, or inflammatory cytokines45. Upon activation, neutrophils extravasate into tissue, 
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produce chemokines and cytokines to amplify inflammatory signaling and attract other immune 

components, and are highly phagocytic46. Neutrophils are armed with granules of many 

antimicrobial effectors including enzymes for superoxide and bioactive lipid production which 

result in extracellular damage of microbes and the host46. In addition, neutrophils undergo a 

coordinated cell-death behavior producing neutrophil extracellular traps (NETs) out of their DNA 

and protein to capture and kill bacteria46. 

Mast cells, basophils, and to a lesser extent, eosinophils are activated by engagement of 

immunoglobulin Fc receptors, which bind specific classes of antibodies. Together, these subsets 

mediate responses to extracellular pathogens (e.g., helminths) and allergies47. Mast cells mature in 

niches within connective tissue, and their granules are packed with histamine and high levels of 

serine proteases, which together trigger smooth muscle contraction, alter mucous secretion, and 

digest extracellular matrix components (promoting accumulation of more inflammatory cells)47. 

Basophils are primarily found in circulation, perform similar functions upon activation, release 

more histamine than protease, and produce cytokines associated with type II immunity (IL-4 and 

IL -13)47. Eosinophils mature in the bone marrow, are activated by IL-5, and control invasive 

parasites by releasing granules of toxic effectors including peroxidases, neurotoxins, and cationic 

proteins47. Together, these cells confer innate immune protection, offering rapid responses to a 

wide variety of pathogenic threats. 

In addition to granulocytes, another class of innate cells is critical for amplifying and 

responding to cytokine signals: the innate lymphocytes, including innate lymphocyte cells (ILCs), 

natural killer (NK) cells, and plasmacytoid dendritic cells (pDCs). ILCs derive from common 

lymphoid progenitors, and in response to developmental signals induce expression of specific 
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transcription factors causing differentiation into a variety of subsets48. Primary groups of these 

cells include type 1 ILCs (ILC1s) which express Tbet and a host of cytotoxicity receptors, type 2 

ILCs (ILC2s) which express GATA3 and cytokines involved in tissue repair and allergic 

responses, and type 3 ILCs (ILC3s) which express RORɔt and produce toxins to fight extracellular 

pathogens48. NK cells express a wide repertoire of activating and inhibitory receptors which 

recognize imbalances in expression of markers of self on the cell surface to target and kill aberrant 

cells (such as cancerous or virally infected cells)49. A third class of innate lymphocytes are pDCs. 

Although they were previously thought to derive from myeloid progenitors, pDCs derive from 

lymphoid progenitors and respond to viral infections by secreting copious amounts of type I 

interferons50, alerting immune and non-immune cells to the infection. 

T and B cell development 

The adaptive arm of the immune system is comprised of T and B cells, which are defined 

by expression of a unique, randomized immune receptor on their surface. These T and B cell 

receptors (TCR and BCR, respectively) are formed by somatic DNA recombination of variable-, 

diversity-, and joining-gene segments (V, D, and J regions, respectively), resulting in production 

of trillions of randomized receptors to facilitate recognition of diverse antigens51. Upon activation 

of naive cells by their cognate antigen, T and B cells can mobilize rapidly, proliferating to produce 

an army of clonally-derived effectors, all capable of recognizing a specific antigen52,53.  

To mount effective adaptive immune responses, the body must first generate an immense 

number of naive T and B cells to create a diverse repertoire of randomized receptors which do not 

recognize self-antigens and could potentially recognize non-self-antigens. Immature T and B cells 

are produced in the bone marrow, then undergo receptor rearrangement and maturation in the 
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thymus or in the bone marrow and peripheral lymphoid organs, respectively25. The process of 

rearrangement requires error-prone recombination events, which increases receptor diversity, but 

can result in sequences with out-of-frame mutations that cannot be translated into complete 

proteins25. During this maturation process, T and B cells with functional receptor rearrangements 

are positively selected for by stromal and epithelial cells supporting their survival, while cells with 

non-productive rearrangements are weeded out25. Additionally, to maintain the immune systemôs 

ability to recognize self- from non-self-antigens, cells whose receptors are aberrantly activated by 

self-antigens do not survive, removed by a process known as negative selection25. In this way, the 

host immune system can curate an extraordinarily diverse pool of cells, each presenting a distinct 

receptor that could potentially recognize foreign material.  

TCRs are designed to recognize peptide-sequences presented on major histocompatibility 

complex (MHC) molecules, providing a mechanism to recognize foreign antigens by as few as 8-

10 amino acids54. Two classes of MHC molecules are expressed on the cell surface. Class I MHC 

(MHC-I) is expressed on nearly all cells and is responsible for the display of peptides derived from 

sampling and degrading proteins produced within that cell54. Class II MHC (MHC-II) is expressed 

only on professional antigen presenting cells (APCs), including macrophages, dendritic cells 

(DCs), and B cells, and is responsible for the display of peptides obtained during degradation of 

endosomal contents (i.e., after phagocytosis)54. To maximize the effectiveness of the naive TCR 

repertoire, in addition to requiring productive rearrangements, T cells in the thymus undergo 

positive selection for moderate interactions between their TCR and MHC molecules of thymic 

epithelial cells, and negative selection to remove TCR clones with high affinity for the self-

peptides presented by these thymic epithelial cells25.  
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Among conventional T cells (i.e., those expressing a rearranged, variable Ŭɓ TCR), T cells 

can be functionally grouped into helper T cells (TH) or cytotoxic T cells (TC) by surface expression 

of either CD4 or CD8, respectively. These co-receptors are necessary for TCR engagement with 

MHCs, determining whether engagement occurs primarily with professional APCs (CD4 mediates 

binding to MHC-II), or can occur with all host cells (CD8 mediates binding to MHC-I)54. A special 

class of regulatory T cells (Treg) express the transcription factor FOXP3 and perform suppressive 

functions that are critical for immune tolerance55. A subset of T cells (termed unconventional), 

express innate-like TCRs with markedly reduced sequence variability. These subsets, including ɔŭ 

T cells, mucosal-associated invariant T (MAIT) cells, and natural killer T cells (NKT cells), are 

thought to either directly bind non-peptide antigens56ï58 or to interact with nonpolymorphic MHC-

like molecules59.  

BCRs, on the other hand, are designed to recognize intact antigens (primarily folded 

proteins). B cell precursors in the bone marrow undergo various stages of V(D)J recombination, 

mirroring that of T cells25. B cells expressing a successfully rearranged immunoglobulin light and 

heavy chain exit the bone marrow as immature B cells, and enter secondary lymphoid organs (e.g., 

spleen) to establish self-tolerance25. There, immature B cells which do not aberrantly recognize 

self slowly undergo maturation to a naive B cell, while those which are activated too rapidly 

undergo cell death or inactivation to prevent self-reactivity25. 

Activation of adaptive immunity 

 When presented with their cognate peptide antigen, T cells form a large cell-surface contact 

(known as an immunological synapse) with the APC, and undergo rapid activation via their 

TCRs60. During this antigen presentation process, professional APCs also express costimulatory 
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molecules (e.g. CD80, CD86, PD-L1) which initiate or modulate T cell responses61. Upon 

receiving simultaneous TCR engagement and co-stimulation (known as signals 1 and 2, 

respectively), intracellular and autocrine signaling within naive T cells trigger a rapid proliferative 

burst, cytoskeletal reorganization, and differentiation to form effector populations62. T cells can be 

additionally polarized by cytokines or costimulatory molecules (produced by APCs or other nearby 

cells) to subsets analogous to those of ILCs, categorized by whether they primarily participate in 

viral clearance (TH1, TC1), defense against extracellular pathogens (TH2, TC2), or mucosal barrier 

preservation (TH17, TC17)61 (Table 1.2). Populations of effector CD4+ TH cells are necessary for 

coordinating other facets of the immune response, particularly in coordinating B cell activation, 

while CD8+ TC cells mediate cytotoxic killing of virally infected or cancer cells.  

BCR engagement, coupled with accessory signals from an activated TH effector cell, can 

trigger expansion and differentiation of naive B cells in processes analogous to naive T cell 

activation. Following activation, B cells in lymphoid tissues will additionally aggregate into  

 

Table 1.2 Functional polarizations T cells during activation 

Subset 
Primary 
localization Primary immune functions 

Type 1 helper T cell 
Tissues and 
circulation 

Support antiviral macrophage and cytotoxic 
T cell functions 

Type 2 helper T cell 
Tissues and 
circulation 

Promote B cell antibody production, 
production of IL-1, IL-5, IL-13 

Type 17 helper T cell 
Tissues and 
circulation 

Support inflammatory responses to 
extracellular microbes, produce IL-17  

Type 1 cytotoxic T cell 
Tissues and 
circulation 

Kill virally infected cells, produce IFN-ɔ, IL-
2, lymphotoxin 

Type 2 cytotoxic T cell 
Tissues and 
circulation 

Cell killing, production of IL-5, IL13 

Type 17 cytotoxic T cell 
Tissues and 
circulation 

Potentially more limited cell killing, 
production of IL-17, IL-22 
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germinal centers where they undergo somatic hypermutation and intense selective pressure to 

refine BCR sequences for high affinity to antigen63. This process can produce clonal lineages of B 

cells which are derived from the same V(D)J recombination event, recognize the same antigen, 

but have varying mutations altering their affinity64. During this germinal center reaction, B cells 

can also undergo class switching, a recombination event allowing for expression of different 

classes of Ig (immunoglobulin) heavy chains, allowing for specialized antibody functions65. Naive 

B cells express IgM and IgD heavy chains on their cell surface, but upon class switching can  

express IgG, IgE, or IgA65. Finally, during the germinal center (GC) reaction, a portion of the B 

cells differentiate into effector subsets: highly proliferative plasmablasts or plasma cells, which 

act as factories to produce and secrete large amounts of antibodies to circulate across the body66. 

Resolution and establishment of memory 

As we have described above, the immune system is primed to rapidly mobilize responses 

to a wide variety of pathogens, but once the pathogen is cleared, the immune response must be 

suppressed and tissue damage repaired. In addition, to establish robust immunity to future infection 

by similar pathogens, the immune system must store memory of the infection. Thus, during the 

resolution of the infection, as the populations of responding adaptive (and innate) immune cells 

contract, a subset of cells persist as a form of cellular memory.  

Among adaptive cells, memory T and B cells are maintained as pools of antigen-specific 

memory across the body (Table 1.3). After having been primed by their initial antigen exposure, 

these cells underwent extensive epigenetic changes leaving them poised to rapidly respond when 

their TCR engaged with a similar presented peptide, or their BCR binds a similar structure. 

Memory T cells have been stratified by migration pattern, differentiation state, and functional role  
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Table 1.3 Memory subsets of adaptive immune cells 

Subset Human markers Description 

T
 c

e
ll 

Naive T (TN) CCR7+ CD45RA+ Pool of novel TCRs 

Central memory T 
(TCM) 

CCR7+ CD45RA+ 
Circulatory, proliferative, 

provide B cell help 

Effector memory T 
(TEM) 

CCR7- CD45RA- 
In circulation and tissue, 

rapid responses 

Effector memory  
re-expressing CD45RA  

T (TEMRA) 
CCR7- CD45RA+ 

In circulation and tissue, 
mediate responses to 

prolonged stimuli 

Tissue resident 
memory T (TRM) 

CD69+, CD49a+ and/or 
CD103+ 

Long-lived protection at 
sites of infection 

B
 c

e
ll 

 

Naive B (BN) CD27- and IgD+ or IgM+ Pool of novel BCRs 

Class switched 
memory B (BMEM) 

CD27+ and IgA+, IgG+, 
or IgE+ 

Antigenic memory, 
expression of specialized 

BCRs/antibodies 

Non-class switched 
memory B 

CD27+ and  
IgD+ or IgM+ 

Antigenic memory, high 
somatic hypermutation 

Atypical memory B CD11c+ T-bet+ 
Antigenic memory, high 
somatic hypermutation 

Plasmablast 
CD20+ HLA-DR+ 

MKI67+ 
Highly proliferative, 
antibody production 

Plasma cell PRDM1+ IRF4+ CD138+ Antibody factory 

 

into the following categories: central memory T cells (TCM) which express CCR7 (a chemokine 

receptor) and CD62L (a selectin) to enable trafficking through lymphatics and among secondary 

lymphoid organs, effector memory T cells (TEM) which express distinct integrins and chemokine 

receptors enabling them to enter peripheral tissues and home to sites of infection, and terminally-

differentiated effector memory T cells (TEMRA) which serve a similar function, but often with 

increased expression of markers associated with exhaustion and senescence67,68. In contrast, 

memory B cells are primarily stratified by whether they have undergone class switching65, but 

subsets of non-classical memory B cells (termed atypical B cells) have been identified and 

associated with chronic infection69. Among innate cells, similar epigenetic changes occur upon 
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activation, leaving cells predisposed to specific responses70. This process in innate cells known as 

ñtrained immunityò and can provide broad protection against a variety of pathogens and insults71. 

For example, Mūs in the lung that have previously responded to a bacterial insult have improved 

repair responses to injury72.  

A portion of these adaptive memory cells will localize and remain within the tissue niche, 

forming tissue-resident memory populations (known as TRM and BRM)18. Other lymphocytes (e.g., 

innate T cells and ILCs), and myeloid cells are also able to establish tissue-residency18, although 

prior cellular activation may not always be required. Like Mūs, both adaptive and innate memory 

cells can remain within tissue long-term and take on tissue-specific adaptations73. These non-

circulating, tissue-resident lymphocyte populations are embedded within the tissue, and can be 

identified in mice and humans by their protection from intravenous antibody labelling74. 

Additionally, surface expression of various molecules which modulate cellular adhesion or 

localization, including CD69, CD49a, CD103, and CXCR6 (discussed in greater detail below)18,75, 

have been used to identify both mouse and human resident memory T and B cells18. Antigenic 

exposure is required for generation of resident memory populations, and thus resident memory T 

and B cells accumulate within tissue in the first few years of life, and can persist to adulthood16,76. 

In mice, acute or chronic infection models are generally required to establish sufficient populations 

of resident memory cells for research74.  

These tissue-resident memory cells are critical for coordinating immunity (particularly in 

directing memory responses). Murine parabiosis experiments (linking together the circulatory 

systems of two mice) have demonstrated that TRM are necessary for optimal reinfection 

responses77, and various experiments have demonstrated key roles for TRM in modulating the tissue 
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and immune environment (e.g. to enhance tissue repair)74. BRM have been more recently 

described78, but appear to play similar roles in coordinating effective tissue immunity. Despite 

extensive experiments in murine models, our understanding of processes by which tissue-resident 

lymphocytes in humans can mediate homeostatic tissue maintenance or coordinate immunity 

remain limited.  

1.3 Cellular and molecular cues for tissue residency 

The unique requirements of tissueðmobility, adhesion, metabolism 

The majority of immune cells within the body (>98%) reside in tissues17 (Figure 1.4), and 

the unique microenvironments within these tissues have significant effects on immune cell 

phenotype and function. Unlike circulatory immune cells, which are shuttled around the body by 

the flow of blood and lymph, tissue resident immune cells must actively localize and respond to 

stimuli within tissue79. As tissue residents, these immune cells are fully embedded in the tissue, 

rendering them sensitive to and participants in mechanical transduction through their adherence to 

other cells and to the extracellular matrix80. This has critical implications for cell-cell interaction. 

For example, in response to global mechanical cues (e.g. tension and compression of tissues as the 

body moves about its environment) interacting T and B cells must employ active adhesion to avoid 

being passively dispersed79,81. Thus, to regulate cell-cell interactions, immune cells express a 

diverse array of cell-cell and cell-matrix adhesion molecules many of which simultaneously 

regulate cell localization and signaling within cells82.  

In addition to mobility and adhesion, metabolic processes within immune cells are essential 

for shaping their function. Changes in the availability of macronutrients (e.g., glucose, lipids, 

amino acids) can create an immunosuppressive environment, as immune cells cannot meet the  
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Figure 1.4: Immune cell distribution across tissues 

Estimation of the distribution of leukocytes across the body by cell number for an average adult 

male. Each square represents one billion cells. Squares are colored by immune lineage. Adapted 

from Sender et al., 202317. 
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metabolic demands of activation83. For example, the availability of the non-essential amino acid 

serine is required for expansion of cytotoxic T cell populations upon TCR engagement. Local 

availability of metabolic inputs, including oxygen, can also proactively affect cellular metabolism. 

Local oxygen concentration decreases in tissue niches further from blood vessels and capillaries, 

driving hypoxia signaling and anerobic metabolism (e.g., glycolysis)83. This and other metabolic 

shifts directly affect immune cell function, such as desensitizing T cells towards TCR-specific 

activation84. Together, these indicate that the unique metabolic environment of each tissue niche 

affects immune cell function.  

Each tissue niche also has unique requirements for immune cells (Figure 1.3). For example, 

intestinal immune cells must maintain tolerance to commensals within the gut microbiome to avoid 

aberrant immune responses85,86, whereas lung immune cells must rapidly clear pathogens while 

minimizing tissue-inflammation87. As discussed above, immune cells (most notably Mūs) also 

have essential roles in homeostatic tissue processes. For example, a functional layer of surfactant 

is required to maintain alveolar gas exchange and tissue-compliance, and alveolar Mūs in the lung 

is play an essential role in catabolizing damaged and degraded surfactant88. In the spleen, red pulp 

Mūs mediate efferocytosis of damaged and degraded red blood cells, recycling components of 

heme to allow for production of new red blood cells89. These functions are not unique to myeloid 

populations, as ILCs are involved in the development of lymphoid tissues, repair of damaged 

tissue, and even catalyzing glycosylation on the surface of intestinal epithelia90.  

Soluble signals: cytokines and chemokines 

As described above, cytokines and chemokines mediate much of immune signaling and 

localization, respectively. In tissue, these signals can be produced by structural cells to drive all 
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aspects of the immune response, from inflammation to resolution to tissue residency. For example, 

transforming growth factor (TGF)-ɓ produced by immune and non-immune cells triggers 

differentiation and transcriptional reprogramming in myeloid cells towards tissue residency and 

immunomodulation91,92. Similarly, among T cells, TGF-ɓ triggers the formation of resident 

populations93,94, migration to specific niches (e.g. to localize to the intestinal mucosal barrier95), 

and long-term retention93. Other cytokines, including IL-7 and IL-15 produced within hair 

follicles, can support migration and maintenance of epidermis TRM
96. Inflammatory cytokines, 

including tumor necrosis factor (TNF)-Ŭ and IL-2 have also been shown to enhance tissue 

residency in TRM
97.  

Chemokines play an essential role in directing the niche-specific localization of resident 

immune cells (Figure 1.5). Chemokines are classified into four families by the location of cystine 

bonds within their structure: XC, CC, CXC, or CX3C. These families of chemokines bind specific 

receptors expressed on the surface of immune cells in a subset- and tissue-specific manner and act 

as chemoattractants. TRM express CXCR6 which binds to CXCL16 produced by structural cells at 

barrier sites (e.g., in the airways) and triggers homing75. In specific sites, such as the intestinal 

epithelia, TRM and other resident lymphocyte populations express CCR9 which binds locally 

produced CCL25, promoting homing, retention, and differentiation98,99. Secretion of CCL27 from 

skin cells during inflammation attracts T cells expressing CCR4 and CCR10100.  

Beyond communicating homing signals from non-immune cells to immune cells, 

chemokines can also be important for coordinating immune cell to immune cell localization. For 

example, the only two XC chemokines (XCL1 and XCL2; lymphotactin-Ŭ and -ɓ, respectively) 

are primarily produced by lymphocytes and mediate immune synapse formation with a subset of  
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Figure 1.5: Example roles for chemoattractants in diverse tissues 

Example roles for chemokines in coordinating inflammation and immune cell localization in 

various tissues, including the intestine (left), circulation (bottom), or a lymph node (right). 
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DCs expressing the XCR1 receptor101ï104. Tissue- and subset-specific expression of CX3CR1, the 

receptor for chemokine CX3CL1 (fractalkine), allows for localization of immune cells (particularly 

tissue-specified subsets) towards sites of inflammation105.  

In addition to promoting trafficking into tissue, soluble mediators can also promote the 

egress of cells out of peripheral tissues. Chief among these is sphingosine-1-phosphate (S1P), a 

bioactive lipid, which is a prevalent chemokine expressed in circulation106. Inhibiting the S1P 

receptor (S1PR1) either through expression of CD69, which directly sequesters S1PR1107,108, or 

suppression of the transcription factor (TF) upstream of S1PR1 transcript expression (KLF2)109 

has proven essential for tissue-retention of T cells110. Other resident lymphocyte populations, 

including resident memory B cells111, appear to employ similar mechanisms to inhibit egress from 

peripheral tissue niches. 

Cytokine expression is also essential for inducing molecular programs of tissue-specific 

adaptations. Co-stimulation with Granulocyte/Macrophage Colony Stimulating Factor (GM-CSF) 

and TGF-ɓ is required for inducing lipid metabolism programs in alveolar Mūs112,113. Microglia 

in the brain, in contrast, rely on CSF-1 and IL-34 released by neurons for their tissue-specific 

maturation114,115. Differential amphiregulin (AREG) expression by epithelial cells at barrier sites 

(e.g., lungs, gut, and skin) is thought to induce tissue-reparative functions in lymphocytes116. 

Beyond cytokines, soluble metabolites, including folate (a metabolized form of folic-acid; vitamin 

B9) and retinoic acid (a metabolite of vitamin A1) also act as signaling molecules, triggering 

immunomodulatory phenotypes in Mūs in specific tissues117,118. Similarly, the presence of heme 

(the iron-containing component of hemoglobin) incudes expression of iron-recycling programs in 
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Mūs119. Together these soluble mediators direct tissue-specific molecular programs in murine 

immune cells, but their roles in human systems are only beginning to be uncovered.  

Cell-cell and cell-matrix interactions drive adhesion 

Adhesion molecules expressed on the cell surface are essential to niche-specific 

localization and retention of tissue resident immune cells. One class of adhesion molecules, 

integrins, are heterodimers of Ŭ- and ɓ-chains that typically bind to components within the 

extracellular matrix, but among immune cells also mediate some cell-cell interactions82. The most 

highly expressed integrin complex in leukocytes is composed of ŬL (CD11a) and ɓ2 (CD18)120 and 

mediates leukocyte binding to various intercellular adhesion molecules (ICAMs) expressed on 

endothelial cells to promote extravasation121. Other integrin heterodimers of ŬM (CD11b), ŬX 

(CD11c), or ŬD (CD11d) with the ɓ2 subunit similarly promote extravasation and mediate subset-

specific adhesion to extracellular matrix components in Mūs, DCs, neutrophils, and various 

lymphocyte subsets121ï123.  

Adhesion molecules allow resident immune cells to localize to distinct niches within tissue. 

A subset of CD8+ TRM in mucosal barrier tissues, for example, express integrin ŬE (CD103), which, 

in complex with integrin ɓ7 promotes binding to E-cadherin expressed by epithelial cells124. These 

populations of TRM localize to the epithelial barrier, where they act as a first-line of defense125. 

Heterodimerization of integrins Ŭ1 (CD49a) and ɓ1 (CD29) form Very Late Activation antigen 

(VLA) -1, which mediates adhesion to collagen types I and IV within the extracellular matrix and 

is also associated with localization of intraepithelial TRM
126,127.  

Selectins, cadherins, and immunoglobulin superfamily adhesion molecules primarily 

mediate cell-cell adhesion82. Vascular cell adhesion molecules (VCAMs), ICAMs, mucosal 
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Addressin cell adhesion molecule 1 (MACAM1), and activated leukocyte cell adhesion molecule 

(ALCAM) are essential for leukocyte and myeloid cell trafficking within tissues82,128,129. 

Endothelial expression of VCAM1, for example, mediates binding of lymphocytes and myeloid 

cells (via Ŭ4ɓ1 and Ŭ4ɓ7) to vasculature130,131. Together, tissue- and subset- specific expression of 

these adhesion molecules directs cellular localization and retention in tissue. 

Beyond cellular localization and retention, many adhesion molecules also modulate immune cell 

function. For example, nectins expressed on tissue structural cells interact with leukocyte-

expressed DNAX Accessory Molecule 1 (DNAM-1) and T cell immunoreceptor with Ig and ITIM 

domains (TIGIT)132 to promote immunosuppression. Engagement of integrins with their ligands 

also transmits ñoutside-inò signaling, where intracellular signals trigger actin remodeling, 

migration, or alterations in gene expression133. In Mūs and DCs, expression of the integrins ŬVɓ5 

and ŬVɓ3 can help mediate phagocytosis of apoptotic cells134. Thus, tissue- and niche- specific 

expression patterns of these various adhesion molecules can directly affect immune cell function.  

Transcriptional regulation  

The molecular cues described above trigger downstream activity of specific transcriptional 

regulators which induce either tissue-residency or tissue-specific adaptations in immune cells. A 

portion of these TFs act as pioneers, triggering shifts in chromatin accessibility that prime cells for 

binding of additional TFs135. These pioneer TFs are important for establishing epigenetic memory 

and reprogramming cells to promote long-term tissue retention; for example, PU.1 mediates the 

differentiation of monocytes into Mūs37,135 and ETS-1 mediates T cell differentiation into memory 

subsets136. Other TFs have been identified that mediate tissue-residency signatures in lymphocytes, 

including Hobit, B lymphocyte-induced maturation protein (Blimp-1)137, and Notch138ï140. The 
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role of these TFs was first identified in CD8 T cells and innate lymphocytes (e.g. NKT and NK 

cells), and expression of these TFs correlates with surface expression of CD49a and CD69137. 

Among B cells, these transcriptional pathways appear distinct, as Blimp-1 is required for plasma 

cell differentiation141, although high expression of this TF may be required tissue-residency in 

plasma cells142. Expression of these pioneer transcription factors result in specific patterns of open-

chromatin and histone modification in resident lymphocytes and myeloid cells37,143ï145.  

Other TFs have been identified with tissue-specific expression profiles, driving tissue-

adaptations. Among Mū populations, Splat-like transcription factor 1 (Sal-1) is expressed in 

microglia, Spi-C in splenic red pulp Mūs, Liver X receptor alpha (LXR-Ŭ) in Kupffer cells, 

peroxisome proliferator-activated receptor gamma (PPAR-ɔ) in lung macrophages, and Runt-

related transcription factor 3 (Runx3) in intestinal macrophages37. Similarly, among lymphocytes, 

Runx3 has been identified in intraepithelial T cells of barrier sites140, while T cell factor-1 (Tcf-1) 

has been highly expressed in TRM in lymphoid sites146. In mice, the expression patterns of these 

TFs drive transcription of tissue-specific adhesion molecules, but evidence in human immune cells 

is limited. 

Tissue niche considerations 

In addition to cell-intrinsic control of tissue-specific molecular profiles, the interaction of 

populations of resident immune cells with their tissue-niche lead to complex population dynamics 

determining cellular abundance, subset composition, stability in tissue, and cellular replenishment. 

For example, the total number of resident immune cells within a tissue is thought to be regulated 

by the nicheôs ñcarrying capacity,ò determined by competition for available chemoattractants, 

growth factors, nutrients, and physical contact147. For example, modelling has suggested that the 
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growth of tissue-resident Mū populations are limited by available CSF1 produced by 

fibroblasts148. These interactions (e.g. with structural cells providing necessary cues) may be 

transient, allowing cells to migrate within the tissue niche, or may be long-term; for example, Mūs 

form relatively stationary long-term interactions with alveolar epithelia149 or peritoneal wall 

stroma150. Together the specific combination of chemoattractants, nutrients, and physical cues 

provided by a tissue-niche determines subset compositions. 

In addition to signals from the tissue, multiple mechanisms of quorum sensing have been 

proposed in tissue-resident leukocytes151, including among T cells (via IL-2)152, dendritic cells (via 

IL -10)153, and complex, multi-step quorum sensing mechanisms, like a two-step interaction 

between Mūs and structural cells (via CCL2 and TNF-Ŭ)154. These paracrine signaling networks 

aid in population level-control at homeostasis, act as negative feedback on inflammatory 

expansion, and allow for self-correction upon resolution of inflammation152. When these processes 

go awry, our understanding of these quorum sensing mechanisms may provide promising avenues 

for treatment (e.g. with cytokine agonists or antagonists)151.  

Tissue-resident immune cells are (operationally) long-lived in tissue. Although the 

mechanisms for this long-term maintenance are still under investigation, it is clear that tissue-

residency supports longer cellular lifespans. For example, the lifespan of circulatory monocytes 

can be measured in days155, while Mūs appear to have lifespans ranging from months to years156. 

However, this effect is variable across tissues and subsets, as intestinal Mūs in mice and humans 

have demonstrably shorter lifespans than alveolar Mūs156,157. Similar dynamics have been 

identified in lymphocytes, for example TRM in lung, liver, or intestinal transplantation models 

appear to be long-lived (in some studies, >10 years), while circulatory subsets are not maintained 
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as persistently158ï160. The longevity of these cells is, in part, due to mechanisms for self-renewal 

in the periphery. Mūs in diverse tissues, including the murine lung and brain, undergo steady-state 

self-renewal, while Mū populations in other sites (including the intestine) require high rates of 

monocyte infiltration are necessary for continual replenishment and maintenance of Mū 

abundance15,32,157. Although relatively rare, populations of resident leukocytes (e.g., TRM) have 

also been identified to egress from tissue back into circulation, suggesting that in addition to cell-

death and exhaustion, long-term residency may also be limited by cellular retention161. Roles for 

these processes in healthy homeostasis or in disease pathogenesis in human models are just 

beginning to be understood.  

1.4 An aging immune system 

Aging immunity at a global-scale 

The human immune system is constantly developing throughout life. In infants, as maternal 

antibodies wane, naive innate and adaptive immune cells must be generated and distributed across 

the body162. Upon antigen exposure and other immunological insults, these cells take on memory 

phenotypes, some of which persist through adulthood76. Advanced aging, on the other hand, is 

associated with dysregulation of innate immunity, leading to increased chronic disease, 

susceptibility to and morbidity from infections, and tissue damage in the elderly163,164. As human 

life expectancies continue to lengthen165, dissecting these processes to understand underlying 

causes and functional effects of immune aging is critical.  

Dysregulation of immune cells with age can have dire consequences. Although direct 

evidence in humans is sparse166, correlative studies in humans have identified age-related 

dysregulated Mū subsets linked to chronic inflammation167 or morbidity during acute infection168ï
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170. Increases in body-wide inflammation (in both tissues and in circulation) with age is common 

and has been termed ñinflammagingò171. This condition is distinguished by high levels of 

proinflammatory cytokines in circulation, including IL-1, IL-6, IFNs, and TNF-Ŭ171. Coinciding 

with increased inflammaging, the aging immune system is also less reactive to novel insults, a 

feature referred to as immunosenescence172. Although these two processes may seem at odds, it 

has been hypothesized that inflammaging and immunosenescence both arise from decreased 

plasticity and flexibility of the immune system, especially among adaptive immune cells173. The 

elderly have impaired responses to novel antigens, with impaired memory establishment in 

response to new vaccination or infection (as demonstrated most recently by the COVID-19 

pandemic174ï176). Inflammaging and immunosenescence are both major comorbidities for disease, 

with elderly individuals being at increased risk for infection mortality, cancer, frailty, and 

cardiovascular disease173. Research is underway to uncover root causes of these processes, which 

may allow for reinvigoration of elderly immune systems. 

During advanced aging, the composition of immune cells also undergoes substantial 

changes. Many of these alterations can be attributed to shifts in immune cell production and 

maturation. For example, negligible thymic output in the elderly restricts production of new naive 

T cells, which constrains the TCR repertoire diversity177. This, combined with accumulation of 

memory cells throughout life16, reduces opportunities for novel responses162. A similar 

compartmental shift occurs in B cells, where naive cells are replaced with memory or exhausted 

subtypes178. Bone marrow progenitors and HSCs appear to have reduced proliferative potential 

with age179, and HSCs sampled from elderly humans and mice appear to be biased away from 

production of common lymphoid progenitors, and towards production of precursors of the 
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megakaryocyte, erythrocyte, and myeloid lineages180,181. These mechanisms appear to be driven, 

in part, by telomere shortening, mitochondrial dysregulation, mTOR activation, epigenetic 

changes, interferon signaling, and the accumulation of DNA damage182. Chronic inflammation 

also differentiates immune cells towards more inflammatory phenotypes, such as increased 

cytotoxic TEMRA cells with age183. Understanding how these global shifts in the immune system in 

humans affect immune interactions and overall immunocompetence will be critical for designing 

treatments targeted to the elderly.  

Alterations in the tissue microenvironment trigger tissue-specific aging 

In addition to changes in the immune compartment, individual immune cells are also 

affected by age-related processes. In mice, cellular division history, activation history, and the 

aging microenvironment have all been shown to contribute to immune cell dysregulation184ï187. Of 

note, changes in the tissue microenvironment with age can result in highly tissue-specific aging 

trends. For example, research in mice has identified an attenuated lipopolysaccharide (LPS) 

response in aged splenic and peritoneal Mūs188ï190, but increased response in aged lung Mūs190,191. 

Meanwhile, phagocytosis is reduced in aged peritoneal and lung Mūs, but not in Mūs derived 

from blood monocytes192,193. Phenotypic shifts also follow tissue-specific patterns, with pattern 

recognition receptors on innate immune cells downregulated in some particular sites and not 

others166. Recent studies in mice have linked these tissue-specific aging trends with age-related 

alterations in the tissue microenvironment184. Documenting and understanding these tissue- and 

subset-specific trends are essential for designing treatment targeted to the elderly, but studying 

these processes in humans remains limited166. 
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1.5 Approaching immunology as a ñsystemò 

Systems biology as an antithesis to reductionist approaches 

The immune system, like most biological systems, is complex. To study it, immunologists 

have historically favored a divide-and-conquer approachðexplaining the behavior of the immune 

system by the properties of all its constituent parts. This approach, often termed reductionist194, 

aims to isolate the systemôs components into more manageable parts, such as studying each tree 

within a forest. But understanding each tree in isolation, for example, does not recapitulate the 

higher-order workings of an entire forest. For that, we turn to a different approach: systems 

biology, which aims to use a holistic perspective to study emergent properties of the system194. 

Although no single set of qualifying criteria will capture all possible implementations of systems 

approaches, I propose the criteria: The systems approach requires conceptualizing a system as an 

integrated network composed of dynamic, interrelated components, and creating and testing 

models of the system to evaluate hypotheses. A systems approach therefore could include 

considering the forest ecosystem as a network of interactions between trees and could address 

hypotheses about how tree-to-tree interactions (within or across species) lead to the function of the 

forest as a whole. 

Notably, the distinction between systems and reductionist approaches is independent of 

computational or experimental methodologies. For example, reductionist approaches can employ 

complex computational methods, and systems-level modelling can be performed experimentally, 

rather than computationally195. Most studies lie on a spectrum between these two epistemological 

extremes and can uncover the strengths and weaknesses of your hypotheses.  
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Immunology as a network of cells, space, and time 

At the heart of every immune response are cell-cell interactions, either among immune 

cells or between immune and non-immune cells. For example, initiation of a typical adaptive 

immune response minimally requires interactions between infected cells and APCs, APCs and 

helper T cells, and helper T cells with various effector B and T cells196. Even humoral immunity, 

such as immunity mediated by the complement cascade or antibodies, requires interaction of 

multiple cell types and their secreted products196,197. As a further complication, the spatial-

temporal localization of these cells is also of critical importanceðto mount appropriate immune 

responses, cells must localize to sites of infection or co-localize within lymphoid organs. Proper 

cell localization and timing of the immune response is essential for understanding how immunity 

in response to vaccination or infection is established176,198 The systems approach attempts to 

understand how emergent properties of the immune system, such as trained-immunity and tissue-

immune relationships, arise from this network of interacting components.  

Snapshots of humans at homeostasis 

Before exploring how the human immune system responds to insults, it is important to 

establish a sensible baseline for ñhealthyò individuals. Criteria for defining ñhealthyò immune 

systems, however, is challenging, as varying genetics, lifestyles, and disease histories vastly affect 

a humanôs immune system at rest199. Importantly, however, despite inter-individual variation in 

superficial metrics such as immune cell composition and cytokine levels, these features are 

remarkably stable in individuals when sampled over time200,201. These results suggest that well-

regulated immune systems in individuals will maintain a long-term steady state. Although the 

concept of an actively maintained stable state of health (referred to as homeostasis) has been 
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around since the 19th century194,202, it remains an emergent property requiring study through the 

lens of systems approaches. One metric of immune health which has been proposed is immune 

resilienceðthe speed and robustness of the immune system to return to a stable set-point203. Other 

metrics have also been derived, for example by computational modelling of large healthy and 

diseased cohorts204, but one feature remains clearðunderstanding features of human homeostatic 

baselines and how they are maintained is crucial for understanding both immune diseases and 

clinical interventions199.  

Unfortunately, investigating how homeostasis is maintained in the immune system often 

requires testing responses to specific perturbations. Although study of some perturbations (such as 

vaccination) can ethically be performed on humans at homeostasis205, more mechanistic studies 

must rely on animal models. Although diverse mechanisms to defend against pathogenic threats 

have arisen across all organisms, including unicellular prokaryotes and eukaryotes206, immune 

systems with innate and adaptive components mirroring our own are only found in jawed 

vertebrates7. Thus, immunology research has largely relied on mammalian animal models, most 

extensively in mice207 (Table 1.4). The broad concepts we have identified and isolated in these 

animal models, particularly through genetic manipulations, has been hugely beneficial for studying 

broad concepts of immunology, and how immune cells interact208. Translating specific findings, 

especially therapeutics and mechanisms of disease to human immune systems, however, remains 

challenging208. This is because homeostatic set points and responses in animal models are often 

distinct from those in humans, differences thought to be primarily driven by 1) millions of years 

of divergent evolution, 2) the relative genetic homogeneity of many animal models, and 3) the 

distinct life histories and antigen experiences of animal models in captivity207ï210. Thus, a critical  
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Table 1.4 Common animal models for immunological research 

Animal Life span Advantages 

Inbred mouse ~2 years 
Genetically tractable, fast reproduction, 
standardized lines, genetically identical  

Humanized mice ~2 years 
Genetic manipulations to host human immune 

cells, but complex to generate and lacks human 
non-immune component & signaling 

Wild rodents ~ 2 years 
More genetic diversity, variable immunological 

history, less manipulable, require special facilities 

Ferret ~5 years 
Similar to human respiratory infection 

susceptibility 

Large animals ~20 years Longer lifespan for long-term studies 

Non-human primate ~25 years 
Much more similar to human physiology, but 

variation in adverse drug reactions 

 

step in the discovery process is devising ways to evaluate how immune features identified in 

animal or ex vivo models translate to human immune function.  

To perform this translational work, scientists must sample and study immune cells in 

human tissues. Although there are many sample sources for diseased tissue, high-yield, minimally 

invasive sampling methods for healthy human tissues are limited (Table 1.5). This often restricts 

ñhealthy controlò samples in studies to relatively ñnormalò adjacent tissue which can be obtained 

alongside diseased tissue during surgical resections19,208. Unfortunately, detailed analyses of these 

samples suggests they are not always reflective of healthy homeostasis211,212. One promising 

alternative to sample relatively healthy human tissues is by studying the organs used for life saving 

transplantation19,20. Partnering with local organ procurement organizations, labs have been able to 

sample diverse tissues including lung, intestine, spleen, bone marrow, and lymph nodes, often 

paired from the same donors19,208. Importantly, although these donors are deceased, investigation 

of these samples suggest that tissues, but not blood, are relatively unaffected by the specific causes 

of death, suggestive of a relatively stable maintenance of a ñhealthyò state20. These samples have 
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been instrumental in establishing baseline immune compositions across tissues and tissue-specific 

profiles213ï215, and provide enormous opportunity to study homeostatic immune cell function.  

Table 1.5 Sources of human samples for immunology research (adapted from Farber, 2021) 

Sample Type Potential applications Examples 

Living individuals  
(Non-invasive) 

Time-course studies, 
vaccination trials, infections 

Blood, Sputum, Nasal swab 

Living individuals  
(Clinical samples) 

Sampling diseased tissue, 
clinical trials, transplantation 

monitoring 

Biopsy, Fine-needle aspirate,  
Surgical resection 

Deceased individuals 
Paired sampling of tissues 

from one individual 
Autopsy (fixed tissue), 
Organ donor (live cells) 

 

1.6 Experimental profiling at the single-cell level 

Profiling the surface proteome or the transcriptome 

Antibodies were first discovered in 1939, with the identification of IgG216. As a testament 

to the utility of antibodies in scientific research, less than two years later researchers were 

conjugating fluorophores to these antibodies to label cells217. Since then, the use of antibodies by 

researchers to label cells and localize proteins has only grown, with development of early flow 

cytometers and fluorescently activated cell sorting (FACS) machines beginning in the late 

1960s218. These tools allowed researchers to analyze protein expression on individual cells (with 

much greater throughput than traditional microscopy) and FACS technology allowed for non-

destructive sorting of cell populations by their surface proteome. Strategies for producing and 

subsequent commercialization of monoclonal antibodies in 1975219 allowed for unprecedented 

standardization, providing a universal framework for describing and sorting specific cell subsets. 

Revolutionized by these technological developments, an immunophenotyping campaign began in 

the field of immunology (beginning with early descriptions of T and B cell subsets220,221) based on 
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surface marker expression, which has shaped our modern understanding of the immune system196. 

To this day, flow cytometry and FACS technology remain gold standards for profiling and 

isolating populations of cells, with mass and full-spectrum cytometry enabling multiplexed 

profiling of >40 markers on individual cells222.  

The utility of immunophenotyping by surface protein expression patterns is clearð

standardized technology and monoclonal antibodies allowed immune subsets to be identified 

across laboratories with ease, but overreliance on surface proteome comes with limitations as well. 

Surface proteome profiling is marker-limited, with highly multiplexed experiments typically 

profiling <2% of ~3,000 proteins with predicted surface expression on human cells223. 

Additionally, while surface protein expression conveys many important features of a cellôs biology 

(e.g., capacity for cell adhesion, direct cell-cell interaction, and sensing environmental cues), many 

other functionally relevant features (e.g., expression of enzymes, transcription factors, or 

cytokines) are hidden within the cell. Intracellular protein staining can bridge this gap, but methods 

rely on cell fixation, reducing signal from fragile targets and eliminating the potential for 

functional characterization224. Thus, the total diversity of human immune cells is not always well-

captured by the limited set of well-validated surface and intracellular markers available.  

Transcriptome profiling provides an alternative avenue for measuring cellular expression 

patterns which could circumvent these challenges. Microarrays, an early method for transcriptome 

profiling, used complementary DNA hybridization to probe relative expression of ~50 selected 

genes225, but subsequent multiplexing has enabled profiling of over 20k genes226. More recent 

advances have enabled profiling of the entire transcriptome by RNA-sequencing (RNA-seq)227. 

Together, both sequencing and probe-based methods allow for highly multiplexed readout of 
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transcript abundances by RNA-seq226. By measuring transcripts, researchers can simultaneously 

assess the expression of intracellular markers, markers expressed at the cell surface, and products 

destined for secretion. Of note, however, post-translational modification, localization, and post-

translational regulation of proteins are not captured within the transcriptome, resulting in 

discordant expression between the transcripts and surface epitopes used for immunophenotyping. 

For example, CD3Ů is a TCR co-receptor which acts as a highly selective surface marker for T 

cells, but CD3E is not as selectively transcribed. Many innate lymphocyte subsets display high 

expression of CD3E transcript or intracellular CD3Ů, such as NK cells228. Importantly, however, 

transcriptomic profiling is a destructive process, requiring cell lysis to access transcripts. This 

limits capacity to perform functional characterization of populations defined by transcriptomic 

markers, many of which do not correspond directly to expression of a surface marker.  

Transcriptome profiling of pools of cells by RNA-seq has enabled countless discoveries 

and insights into the immune system. While subject-level profiling is useful for comparative 

studies, advances in measuring expression from single cells229 has revolutionized 

immunophenotyping on the cellular level. Early iterations of single-cell RNA-seq (scRNA-seq) 

focused on recovering transcripts from handfuls of individual cells229, but advances in barcode 

multiplexing and microfluidics, paired with decreased sequencing costs, have fueled an 

exponential growth in the number of cellsðenabling profiling of tens of thousands to millions of 

cells in a single study230. As scRNA-seq libraries typically undergo polymerase chain reaction 

(PCR) amplification, early studies suffered from amplification bias, but advances in unique 

molecular identifier (UMI) barcoding has substantially reduced its impact231. Another prominent 

limitation associated with single-cell sequencing is the sparsity of transcripts recovered. For any 
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individual cell, only a small fraction of transcripts expressed can be efficiently captured and 

sequenced, attributable to technical limitations for messenger RNA (mRNA) molecule capture, the 

short half-life of mRNA, and the bursty, stochastic nature of transcription regulation232. This leads 

to sparse datasets, where lack of detection of a transcript in a cell can reflect technological 

limitations, rather than lack of expression. This artifact greatly affects interpretation of lowly 

expressed genes, requiring careful statistical modelling of single-cell data (discussed later) to 

overcome this issue233,234.  

Paired profiling of the surface proteome and transcriptome 

While profiling the surface proteome or transcriptome of cells is very useful for 

characterizing novel heterogeneity within samples, the cellular subsets identified are not always 

comparable across modalities. As described above, many protein-markers for immune cells are 

regulated post-transcriptionally, with immunophenotyping strategies relying on subset-specific 

protein localization or post-transcriptional modifications not reflected in the transcriptome. On the 

other hand, transcript markers may not encode for protein products, their encoded proteins may 

not localize on the cell surface or amass within the cell, or their encoded proteins may lack well-

characterized antibodies. Thus, translating identified subsets across modalities often required a 

mix of data imputation, extensive FACS sorting or low-dimensional/low-throughput validation 

experiments.  

The recent development of multimodal single-cell sequencing, or ñmulti-omics,ò 

technologies has transformed this space by enabling paired profiling of multiple modalities within 

single cells. Paired profiling of surface proteins alongside cellular transcriptomes has been of 

particular interest, with early index sorting strategies235, and the development and refinement of 
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high-throughput alternatives such as cellular indexing of transcripts and epitopes by sequencing 

(CITE-seq)236,237. During CITE-seq, cells are stained with a panel of oligonucleotide-labelled 

antibodies to label surface markers prior to cellular encapsulation, and researchers can sequence 

separate libraries of complementary gene and antibody-derived tag (ADT) sequences to obtain 

relative measurements of transcript or surface protein abundance236 (Figure 1.6). Similar 

sequencing or probe-based technologies have also been effectively employed, including RNA 

expression and protein sequencing assay (REAP-seq)238 or antibody sequencing (Ab-seq)239. 

These multimodal technologies provide enormous potential to harmonize and increase resolution 

of cell-type subsetting and perform functional validation of subsets identified by scRNA-seq.  

Profiling additional modalitiesðImmune repertoires, localization, and epigenetics 

In addition to the single-cell profiling technologies described above, researchers have 

employed sequencing and probe-based methods to profile many additional modalities, including 

immune receptors, cellular localization, and epigenetics. Bulk and single-cell profiling by these 

technologies has fueled research into adaptive immune cell function, niche-specific localization 

patterns, and the regulation of transcription and cellular identities.  

Immune-receptor profiling, also known as TCR- or BCR-sequencing, allows for the 

identification of clonal lineages of memory T or B cells. These technologies can be used to track 

dynamics of the adaptive immune response. Bulk TCR and BCR sequencing has enabled 

investigation into details of V(D)J recombination and somatic hypermutation (e.g. Ref240) and 

advances have allowed researchers to identify and curate repositories of TCR and BCR sequences 

with annotated binding specificity241,242. In addition, immune receptor sequencing enables a form 

of lineage-tracing in humans: by identifying clonally-related populations of memory immune cells 
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Figure 1.6: Paired profiling of surface proteome and transcriptome of single cells 

Schematic of the workflow for CITE-seq. A single cell suspension (left) is stained with 

oligonucleotide-labelled antibodies (center). Following single-cell encapsulation, the researcher 

can prepare separate libraries for gene or antibody-derived tag (ADT) expression. After 

sequencing, gene and surface protein expression matrices can be aligned by cell-barcode to reveal 

paired profiling of individual cells. 

 

across the body, researchers can infer dynamics of infection response and memory generation. By 

pairing this with transcriptomic profiling at the single cell level, this immune repertoire 

information can provide insights into how antigen specificity impacts localization and 

differentiation of memory subsets.  

Advances in spatial technologies have allowed for bulk-profiling of small, spatially 

localized groups (or ñspotsò) of cells (e.g., Visium technology), or spatial localization of individual 

transcripts within cells (e.g. Xenium technology)243. These technologies primarily use fixed tissue 

sections and either sequencing or panels of transcript probes to localize gene expression patterns. 

Both technologies can be paired with imaging to offer a window into histological staining, cell- or 

local-morphology, or immune-histochemistry/fluorescence techniques. These technologies allow 

for investigation of the spatial segregation of immune responses within tissues and can be 

employed to better understand cell-cell interactions occurring within a sample. Finally, 3D spatial 



43 

 

 

 

transcriptomic methodologies offer the potential to quantify cell-cell interactions within larger 

chunks of tissue without limitations of 2D tissue-sectioning242.  

In addition to immune repertoires and spatial organization, researchers are increasingly 

interested in elucidating cell-intrinsic mechanisms of transcriptional regulation. To this end, 

multiple techniques for epigenetic profiling at the bulk- and single-cell-level have been 

implemented. Prominently among these is the Assay for Transposase-Accessible Chromatin by 

sequencing (ATAC-seq), which uses the Tn5 transposase to tag regions of open-chromatin244. By 

assessing open chromatin researchers can identify regions of the genome where gene regulatory 

elements (e.g., promoters, enhancers, silencers, insulators, etc.) are directly accessible for binding 

by transcriptional regulators (i.e., transcription factors). Chromatin accessibility profiling can be 

performed on individual nuclei and can be paired with other modalities such as transcriptomic 

profiling by single-nucleus RNA-seq (snRNA-seq). Pairing these modalities can allow researchers 

to identify which genes would require intensive chromatin remodeling before expression, and 

which are ñpoisedò to be actively upregulated.  

 

1.7 Applying algorithms to address biological questions 

The need for more advanced statistical models 

Recent technological developments, such as bulk- and single-cell- profiling technologies 

(discussed above) have greatly accelerated our understanding of biological systems245. These 

information-rich methods enable measurement of hundreds to tens of thousands of targets in each 

sample or within individual cells within each sample. To combat this information overload and 

extract meaningful signals, researchers must rely on statistical modelling. For example, with so 
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many targets profiled, the rate of Type I errors (tests erroneously declared significant) increases 

dramatically, and multiple comparisons correction techniques become necessary. Simplistic 

statistical hypothesis testing methods (such as the Studentôs t-test or Wilcoxon signed-rank test) 

can often identify differences when researchers expect a large effect size, but more advanced 

statistical models that account for the distributions expected in count data (e.g., Poisson or 

Negative-Binomial) are often necessary to reduce the impact of technical artifacts and detect more 

nuanced signals246. Finally, depending on the statistical question, expression measurements from 

cells within the same individual may not represent biologically independent readouts, and therefore 

must not be treated as statistically independent.  

Developments in algorithmic approaches go hand-in-hand with improvements in 

experimental design. Thus, optimal single-cell profiling requires merging careful experimental 

design with the available technologies and algorithms. For example, algorithms have improved 

performance at demultiplexing multiple samples (e.g., multiple individuals or conditions) from 

pooled samples run in single-cell datasets247,248, but these methods require inclusion of hashtag 

antibody staining or paired genomic sequencing in their experimental design for their application. 

There are also limits to what biases and technical artifacts can be accurately modelled and de-

noised. 

Statistical properties of the results of each technique, such as whether measurements are 

relative or absolute, sparsity of sampling, or technical artifacts, can greatly impact our analyses 

and require careful statistical consideration. For bulk sequencing analysis, many conventional 

standards exist for alignment to the genome or transcriptome (e.g., RNA-seq alignment249 or 

pseudoaligment250,251). Similarly, analysis of differential expression in bulk transcriptomics 
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includes some well-established techniques based on expected sampling distributions, including 

DESeq2246. Although single-cell transcriptomics is a much newer technique, statistical modelling 

of scRNA-seq counts by the negative binomial distribution, for example, has enabled efficient 

estimation of capture efficiency and transcriptional kinetics232. Differential expression algorithms 

for scRNA-seq data can also borrow from techniques developed for bulk transcriptomics by 

merging single cells to simulate a ñbulkò dataset. Advanced models have also been developed to 

account for varying precision across samples for these pseudo-bulk differential expression 

pipelines252. For even newer experimental methodologies (such as multimodal single-cell 

sequencing), however, analysis pipelines are in their infancy. In the remainder of this section, we 

will explore some common issues facing single-cell analyses, solutions proposed for scRNA-seq, 

and their adaptation to multimodal profiling (Figure 1.7).  

Correction of batch artifacts 

An early consideration in sequencing analysis is quality-control filtering and detection and 

mitigation of sequencing- and batch-artifacts. Sequencing artifacts (e.g., bias in coverage or error-

rate of specific sequences) can arise from many sources, particularly from the method used for 

mRNA capture253 or steps involving PCR amplification254. In addition, these techniques are 

sensitive to many biological sources of error such as cellular stress induced during sample 

dissociation255 or ambient RNA in the sample256. The magnitude of these biases can vary greatly 

with only small changes in experimental conditions, such as exact timing or temperature of 

samples255, leading to large batch artifacts between experimental runs. Thus, while matching cell-

isolation strategies, sequencing technologies, and other experimental details can minimize batch 

effects between samples, batch effects can sometimes be unavoidable.  
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Figure 1.7: Example preprocessing steps and downstream analyses of single-cell datasets 

Preprocessing of single-cell sequencing data typically involves aligning reads to a known reference 

and aggregating counts of aligned reads for each cell barcode into an expression matrix. The 

researcher can optionally apply batch integration, followed by dimensionality reduction and 

visualization. Prior to most downstream analyses, the researcher must then annotate cell types, 

either through manual annotation of unsupervised clusters, or through application of a supervised 

classification approach. 



47 

 

 

 

As samples across different experiments or laboratories are typically unique (e.g., sampling 

different individuals, different disease-states, etc.) applying algorithmic approaches to correct 

batch effects requires a delicate balance between removing artifacts and preserving real biological 

variation. To quantify the performance of batch correction algorithms, researchers have developed 

metrics such as adjusted-rand index (ARI), average silhouette width (ASW), or local inverse 

Simpsonôs Index (LISI)257,258 to measure the distribution of batches or cell types (a stand-in for 

biological variation) within a dataset. These methods primarily rely on nearest-neighborhood 

graphs computed on cell-cell similarity matrices to determine the amount of mixing of cellsô 

molecular profiles between batches or cell types. 

Integration overcorrection has the potential to either remove interesting biological variation 

or to introduce new artifacts (such as non-biological, aberrant expression patterns) within datasets. 

For example, when samples across multiple batches have unique cell-type compositions, 

integration overcorrection can result in fewer detectable cell types or misleading marker 

expression patterns259. Because of these shortcomings, researchers must tailor their experimental 

design and batch correction strategy to their specific scientific questions. On the algorithmic side, 

researchers may choose to perform batch integration at early- or late-stages of analysis or may 

perform correction only for specific subsets of the analyses performed. Because of this, batch 

correction strategies have been employed across all stages of analysis, such as directly batch-

correcting gene expression or correcting downstream latent spaces or sample embeddings260. Some 

techniques (especially those applied at later stages of analysis) are generalizable to many different 

modalities (e.g., Harmony257), while others (especially though applied early in analysis) are 

designed for specific modalities or pairs of modalities (e.g., scVI for scRNA-seq261, or totalVI for 
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CITE-seq262). Each of these techniques have varying assumptions about the distribution of batch 

effects across samples, which often requires that researchers test multiple batch correction 

strategies to identify one that minimizes the most batch effects while preserving biologically 

relevant sample-to-sample heterogeneity. Thus, to effectively analyze the additional modalities 

profiled by novel sequencing technologies, batch correction methods must be evaluated, created 

or modified to address modality-specific assumptions and sources of error.  

Embedding and factorization 

As discussed above, these information-rich profiling techniques can enable simultaneous 

measurement of hundreds to tens of thousands of targets. Unfortunately, to control the rate of Type 

I errors during statistical hypothesis testing of all of these targets, researchers must apply multiple 

comparisons corrections, greatly reducing their statistical power to detect differences. To mitigate 

this issue, feature selection is often performed to keep only targets with expression above a 

minimum and sufficiently variable across the data (e.g., highly variable transcripts in scRNA-seq 

data). These feature reduction approaches are often combined with more sophisticated 

dimensionality reduction techniques to improve performance or statistical power.  

Dimensionality reduction represents one way to smooth across noisy measurements of 

individual genes within individual cells (i.e. in scRNA-seq). This is based on the principle that 

scRNA-seq data has redundant information as many sets of genes are co-expressed within the same 

cells (e.g., because they are regulated by similar mechanisms, such as the same transcription 

factors). By performing dimensionality reduction, expression patterns of co-expressed genes are 

summarized by a low number of variables (often fewer than 50), which (depending on the 

algorithm) can be referred to as ñfactors,ò ñcomponents,ò ñlatent variables,ò or ñembedding 
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dimensionsò. Linear dimensionality reduction techniques typically produce two matrices: a cell-

embedding with values corresponding to expression of factors across cells, and a gene-embedding 

with values corresponding to the weight of each gene within each factor. These two matrices, when 

multiplied together, can reproduce a (somewhat smoothed) version of the original expression 

matrix. In some approaches, additional steps are taken in an attempt to enhance maintenance of 

meaningful properties, while smoothing over technical artifacts such as sparsity or library size261. 

A handful of traditional linear dimensionality reduction algorithms, including principal component 

analysis (PCA) and non-negative matrix factorization (NMF), have been applied to single-cell 

genomics263, but more success has been achieved with algorithms tailored specifically to single-

cell genomics. In particular, models with informed design based on statistical distributions 

expected or detected in scRNA-seq data (e.g. Zero Inflated Factor Analysis; ZIFA264) have 

improved capture of biologically relevant details, such as differences between cell types. Although 

historically models have included additional zero-inflation parameter(s) to allow for more zeroes 

in the data than expected, recent studies suggest Poisson or Negative Binomial distributions 

efficiently model the technical errors in count-based sequencing without 

overparameterization234,265,266. Combining these informed designs with Bayesian inference (e.g., 

single-cell Hierarchical Poisson Factorization; scHPF267,268) and deep neural networks (e.g., 

single-cell Variational Inference; scVI261) have further enhanced performance, providing 

interpretable cell-embeddings for downstream analyses. In addition to explicitly modelling sources 

of technical artifacts in single-cell transcriptomics, algorithm design choices can improve 

faithfulness to biological properties (e.g., by not enforcing factors be orthogonal, researchers can 

study partially overlapping regulatory systems)268.  
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Researchers have taken various approaches to develop and adapt techniques for 

dimensionality reduction to multimodal datasets. For example, by extending a Bayesian inference 

framework to multiple data matrices, researchers have generalized factor analysis to multiple 

modalities (Multi -Omics Factor analysis; MOFA269). As discussed above, however, performance 

improves when considering the statistical distributions introduced by different technical artifacts 

across various single-cell profiling techniques270. Thus, explicit attempts have also been made to 

model technical artifacts in specific multimodal data types, including CITE-seq (totalVI262), 

snATAC-seq (peakVI271), or paired transcriptome and accessibility profiling (multiVI272).  

For data visualization, non-linear techniques (also known as manifold approximation) such 

as Uniform Manifold Approximation Projection (UMAP)273,274 and t-distributed Stochastic 

Neighbor Embedding (t-SNE)275 have been applied to summarize the similarity (connectivity) of 

cells across only 2 or 3 dimensional maps. Although frequently employed for data exploration, 

direct interpretation of these embeddings remains challenging due to their non-linear nature273. 

Manifold approximation of multimodal data typically involves generation of a multimodal 

embedding using the above techniques (e.g., totalVI262), but researchers have also found success 

in separately computing and then merging connectivity-graphs on each modality (Weighted 

Nearest Neighbors; WNN276). In addition to their utility in manifold approximation, both of these 

approaches can also be applied to improve cell clusteringðan essential development for 

improving cell type annotation262,276.  

Cell type annotation 

Downstream of raw data processing, the first and most important basic analytical step for 

single-cell sequencing is classification of individual cells, often in terms of canonical subsets. The 
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vast majority of analytical tools, from differential expression analysis to trajectory inference to 

statistical modeling with clinical co-variates, depend on the accuracy of this crucial initial step. 

Many analytical approaches have been applied to cell type annotation in scRNA-seq data277,278. To 

characterize cellular heterogeneity within datasets, unsupervised clustering has been employed to 

divide datasets into groups of cells sharing similar expression profiles279,280. Following clustering, 

researchers can manually annotate these groups of cells based on their alignment to known subset-

markers and identify novel subsets and cell states. Importantly, however, the number, type, and 

identity of clusters can be difficult to compare across studies281,282. In addition, there is no 

guarantee that clusters identified by unsupervised methods will align to canonical subset 

boundaries, as unsupervised clustering segregates cells by the largest sources of variation which 

are not always the most relevant for cell type. Thus, supervised approaches have also been applied 

to address these drawbacks.  

Supervised machine learning methods incorporate molecular profiles of cells derived from 

pre-annotated reference atlases or marker-based definitions to improve alignment of cellular 

annotation with canonical cell types283. Application of these tools often involves training various 

machine learning models, including logistic regression (CellTypist284) or ensemble learning 

(HieRFIT285 and ImmClassifier286), on a pre-annotated reference dataset, then applying these 

algorithms to annotate cells in the query dataset. This process is referred to as ñtransfer-learningò. 

Employing additional pre- or post-processing steps, such as feature selection287, hierarchical 

classification structures for progressive cell type annotation285, or averaging over unsupervised 

clustering284 have improved performance of various classification algorithms.  
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Unfortunately, the accuracy and utility of transfer-learning is limited by the quality of 

annotation in the original reference atlas(es). Tools have been developed to generate ñconsensusò 

annotations across multiple atlases annotated at varying granularity286,288, but this cannot overcome 

classification for sample types, tissues, or contexts where reference atlases do not yet exist289ï291. 

Other supervised techniques use reference-free methods to address these issues by relying instead 

on literature-derived marker definitions292,293. CellAssign, for example, employs probabilistic 

modelling to predict how closely each cellôs transcriptome in a given query dataset matches a set 

of known marker genes293. On the other hand, Garnett leverages a user-supplied hierarchy of cell 

types and marker definitions to select high-confidence events to train and apply a regularized 

elastic net generalized linear model292. Together, these tools provide unique opportunities to apply 

supervised techniques in contexts where pre-annotated atlases are low quality or not available but 

are limited to annotating subsets with well-defined marker expression. Thus, these annotation 

techniques are often best-applied in concert with unsupervised approaches.  

Extending cell-type annotation to multimodal single-cell datasets remains a challenge. 

Although paired profiling of multiple modalities (especially transcriptome with surface proteome) 

provides great potential for improving cell-type annotation, algorithmic approaches and pipelines 

to use multiple modalities for subset annotation are largely still under development. Multimodal 

embedding techniques (discussed above) can be applied to enable unsupervised clustering of cells 

based on all observed features of their molecular profile262,276, but appropriately weighting each 

modality can prove challenging. Early attempts at supervised classification of multimodal data, 

such as SEmi-supervised method for Clustering, classification, and ANnoTation of single cell 

multi-omics (SECANT), did not overcome reliance on unsupervised clustering294. A more recent 



53 

 

 

 

development, scGate, proposes ranking cells by their expression of key markers, but still depends 

on smoothing data across an unsupervised embedding295. Thus, there is a dire need for new 

pipelines for applying supervised classification techniques to annotate multimodal single-cell 

datasets.  

1.8 Thesis objectives 

Our immune systemôs ability to defend a vast array of pathogens and insults is driven by 

innate and adaptive immune cells distributed across all tissues in the body. The localization of 

these leukocytes is essential for proper function, whether it be surveillance at barrier sites, 

mediating cell-cell interactions in lymphoid hubs, or coordinating and supporting other 

homeostatic tissue processes. By residing in tissues, immune cells adapt to the local 

microenvironment and take on context-specific roles. Although these processes have been 

extensively characterized in murine models, these genetically tractable models do not accurately 

reflect human tissue microarchitecture, immunological histories, or lifespans. Thus, it is unclear 

how tissue-specificity in human immune cells is established or maintained, nor what functional 

consequences of this tissue-specificity are. Additionally, immune cell subset heterogeneity and 

specific molecular markers identified in mice are not always conserved with humans. This, coupled 

with limited opportunities for sampling healthy human tissue, has led to narrow and disjointed 

models of human cellular heterogeneity, limiting our ability to dissect tissue-driven cellular 

adaptations from differences in immune subset compositions across the body.  

An essential first step to translating these findings to humans is to define phenotypic, 

transcriptional, and functional attributes shaping tissue immune cells in discrete 

microenvironments. Then, we can probe how these adaptations evolve over human lifespan, and 
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how they relate to homeostatic function and age-associated immune dysregulation. Mūs are 

canonical tissue-resident immune cells, but other immune subsets, including lymphocytes also 

display features of tissue-residency in mice and humans. By relating tissue-specific signatures 

across these diverse immune lineages, it is possible that we may identify broad molecular programs 

driving tissue-specific processes.  

Our laboratories are uniquely positioned to examine immune cells across the human body, 

isolated from tissues obtained through longstanding collaboration with organ procurement 

organizations. Recent work in the laboratory has uncovered tissue-specific signatures of T cell 

subsets in some of these sites296, as well an age-linked loss in phagocytic potential that occurred 

in Mūs of one tissue site but not another297. One key limitation in previous studies, however, is 

our inability to precisely annotate various known immune cell subsets with distinct functional 

roles, especially those with highly similar molecular profiles. Advancements in multimodal single-

cell sequencing technologies, particularly CITE-seq, provide great promise for addressing many 

of these limitations, however, new analytical approaches must be developed to maximize the utility 

of these new profiling techniques. By integrating systems and experimental immunology, our 

goal is to expand upon this work by developing the tools necessary to integrate, annotate, 

and interpret multimodal single-cell data and applying these tools to interrogate tissue-

specific adaptations and age-related changes in T cells, B cells, innate lymphocytes, and Mūs. 

We hypothesize that similar molecular programs govern tissue-specific adaptations across 

multiple immune subsets and across humans and mice and that these programs represent 

stably maintained features of cellular identity .   
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Our first objective is to examine how T cells are compartmentalized across lymphoid and 

barrier tissues. By integrating single-cell proteome and transcriptome profiling across separate 

samples, we describe the heterogeneity of human TRM within lymphoid organs, lungs, intestines, 

and skin, and derive site-specific molecular profiles associated with tissue residency. Incorporating 

T cell receptor analysis, we show that TRM, in contrast with their circulatory counterparts, exhibit 

site-specific clonal segregation. Thus, while circulating T cells disseminate across the bodyôs 

tissues, TRM populations in humans appear to undergo site-restricted expansion, and take on 

adaptations in cellular adhesion, homing, and function that drive their long-term tissue-residence.   

Our second objective is to develop new analysis strategies to improve the cellular 

annotation of multimodal datasets, particularly CITE-seq. Immune cell subsets have long been 

described by surface proteome, using single-cell profiling by flow cytometry. Unfortunately, these 

functionally distinct subsets are not always well delineated by transcriptomic profiling. Even when 

paired transcriptomic and proteomic profiling is available (e.g. via CITE-seq), we identify a trade-

off between accuracy of subset identification and the amount prior knowledge supplied upfront for 

annotation. Specifically, we find that classifying according to a user-supplied hierarchy of cell 

types, each labeled with known markers, allows for substantially improved performance over 

unsupervised methods or transfer-learning models, even when multimodal profiles are provided. 

While such detailed prior knowledge is not available in all settings, markers of immunological cell 

types are well-characterized. We create and evaluate a computational framework (MMoCHi) that 

employs supervised machine learning to achieve highly accurate cell type classification from 

multimodal single-cell and spatial profiling data. 
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Our final objective is to apply this new annotation paradigm to refine our understanding 

of immune cell heterogeneity and tissue-specific molecular adaptations and evaluate their impact 

on age and function. In a large-scale collaborative effort, we created a >1.2 million cell atlas of 

human tissue immune cells across >10 tissue-sites from 24 human organ donors. Mining this data, 

we were able to assess cellular heterogeneity across tissues, more precisely dissect site-specific 

profiles, and assess age-associated changes in immune cell phenotypes. Our results reveal an 

overlap in tissue-specific signatures across various lymphocyte and myeloid subsets, suggestive of 

shared molecular programs. Moreover, we identified age-associated effects that manifested in 

specific subsets and tissues (e.g. macrophages in mucosal sites, or TRM in some, but not all, barrier 

sites). Finally, focusing on Mū populations, we identify that the molecular profiles of tissue-

adaptation that we discover are stable ex vivo, in the absence of site-specific signaling. Together, 

these results help elucidate the influence of tissue on immune cell phenotypes, indicate differences 

in functional capacities of these cells across tissues, and suggest that tissue-specific adaptations 

are stably maintained by cell-intrinsic mechanisms.  
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Chapter 2: Materials and Methods 
 

2.1 Acquisition and processing of human tissue and blood samples 

Acquisition of tissue samples 

Human organ tissues were obtained from deceased (brain-dead) organ donors at the time 

of organ acquisition for clinical lifesaving transplantation through an approved protocol and 

material transfer agreement with LiveOnNY, the organ procurement organization for the New 

York metropolitan area, as previously described20,214,296,298. Donors were free of cancer and 

seronegative for hepatitis B, hepatitis C, and HIV. This study does not qualify as human subjects 

research, as confirmed by the Columbia University IRB, as tissues samples were obtained from 

deceased individuals. Tissues were also obtained through the Cambridge Biorepository for 

Translational Medicine (CBTM), REC 15/EE/0152 as previously described284. Because of the 

different amounts of tissues acquired and some distinct sample-types (e.g., liver and colon) 

obtained at each location, protocols for processing differ as described below.  

Acquisition and processing of healthy blood samples 

Peripheral blood from consenting healthy volunteers were obtained by venous puncture, 

through a protocol approved by the Columbia University IRB (CUIMC IRB AAAP8763) and 

complying with relevant ethical regulations for work with human participants.  

Peripheral blood mononuclear cells (PBMCs) were isolated from fresh samples of 

peripheral blood using RosetteSep Granulocyte Depletion Cocktail (StemCell Technologies), 

following manufacturerôs protocols for density gradient centrifugation. Briefly, samples were 

incubated with the cocktail at 20°C for 10 minutes, diluted 1:1 with FACS buffer (DPBS 10% FBS 



58 

 

 

 

2mM EDTA), then layered over Ficoll-Plaque in SepMate PBMC isolation tubes (StemCell 

Technologies). Samples were centrifuged at 1200 x g for 10 minutes at 20°C, and PBMC layers 

were isolated according to instructions. Samples were washed (400 x g for 10 minutes) with FACS 

buffer. For further erythrocyte removal, pellets were resuspended in ACK lysis buffer (Gibco) 

incubated for 2 minutes at 37°C and washed with FACS buffer.  

Columbia University tissue processing 

Each tissue was subjected to a tissue-specific protocol to maximize mononuclear cell 

(MNC) recovery and viability across a diversity of sites284. A series of detailed protocols are 

available on protocols.io299ï305. Blood samples and bone marrow aspirates were diluted 1:4 and 

layered directly onto Ficoll-paque for density centrifugation (1200 x g for 20 minutes at 20°C) and 

subsequent mononuclear cell isolation. Spleen samples were mechanically digested with scissors, 

and mashed and washed through a 100 ɛm filter with a solution of PBS containing 5% (v/v) FBS 

and 2 mM EDTA. The single cell suspension was centrifuged (400 x g for 10 minutes at 20°C), 

washed with PBS containing 5% (v/v) FBS and 2 mM EDTA, and layered onto Ficoll-paque for a 

density centrifugation step (1200 x g for 20 minutes at 20°C) and subsequent mononuclear cell 

isolation. 

Lung and all lymph node samples were mechanically digested with scissors and 

enzymatically digested on a shaker for 30 minutes at 37°C in IMDM Media (Gibco) containing 1 

mg/mL Collagenase D (Millipore Sigma) and 0.1 mg/mL DNase (Worthington). After digestion, 

the tissue was mashed and washed through a 100 ɛm filter with a solution of PBS containing 5% 

(v/v) FBS and 2 mM EDTA. The single cell suspension was centrifuged (400 x g for 10 minutes 

at 20°C), washed and resuspended with IMDM Media with 10% (v/v) FBS, and layered onto 

http://protocols.io/
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Ficoll-paque for density centrifugation (1200 x g for 20 minutes at 20°C) and subsequent 

mononuclear cell isolation. 

An airway wash, a form of bronchoalveolar lavage, was performed by washing saline into 

the airway and collecting it with a 50 mL syringe. This sample was treated with 0.25 U/mL 

Benzonase (Millipore Sigma) for 30 minutes at 37°C, washed and resuspended with IMDM Media 

with 10% (v/v) FBS, and layered onto Ficoll-paque for a density centrifugation step (1200 x g for 

20 minutes at 20°C) and subsequent mononuclear cell isolation. 

Jejunum tissue was processed to separate the epithelial layer (EL) from the lamina propria 

(LP). Intestinal contents or chyme was washed with cold PBS containing 5% (v/v) FBS. The EL 

was stripped by twice incubating the tissue at 37°C on a shaker for 30 minutes with IMDM Media 

containing 2mM DTT, 10mM EDTA, and 10% (v/v) FBS. After each strip, the media was removed 

from the tissue, filtered, and washed through a 100 ɛm filter with a solution of PBS containing 5% 

(v/v) FBS and 2 mM EDTA to collect the EL fraction, which was stored on ice until the LP fraction 

had been collected.  In order to collect the cells of the LP, after the second stripping step, the tissue 

was mechanically digested with scissors and enzymatically digested on a shaker for 30 minutes at 

37°C in IMDM Media (Gibco) containing 1 mg/mL Collagenase D (Millipore Sigma) and 0.1 

mg/mL DNase (Worthington). After digestion, the tissue was mashed and washed through a 100 

ɛm filter with a solution of PBS containing 5% (v/v) FBS and 2 mM EDTA. Single cell 

suspensions of both the EL and LP fractions were centrifuged (400 x g for 10 minutes at 20°C), 

washed and resuspended in IMDM Media with 0.25 U/ml Benzonase (Millipore Sigma). The 

samples were incubated for 30 minutes at 37°C, washed and resuspended with IMDM Media with 

10% (v/v) FBS, and layered onto Ficoll-paque for a density centrifugation step (1200 x g for 20 
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minutes at 20°C) and subsequent mononuclear cell isolation. In cases where the site is referred to 

as total jejunum (JEJ), the JEL and LP samples were pooled prior to downstream analysis.  

Skin samples obtained from the abdomen near the incision site were carefully washed using 

cell culture medium, cleaned by scraping the subcutaneous fat with a scalpel, and washed with cell 

culture medium again. Then, skin samples were cut into pieces of approximately 4mm in width 

and digested overnight at 37ºC using the Human Skin Dissociation Kit (Miltenyi). The following 

day, mononuclear cells were washed and isolated. Prior to T cell receptor sequencing or cytometry 

by time of flight, single cell suspensions were then cultured at 37ºC overnight to recover cleaved 

surface proteins. 

University of Cambridge tissue processing 

Each tissue was subjected to a tissue-specific protocol to generate a single cell suspension 

of immune cells that has been published at protocols.io306. Blood and bone marrow aspirates 

(sternum) were diluted 1:1 with PBS and layered directly onto Ficoll-paque for density 

centrifugation (1200 x g for 20 minutes at 20oC) and subsequent MNC isolation. 

Spleen and all lymph nodes were mechanically dissociated by mashing through a 70 ɛm 

filter with a solution of X-VIVO-15 (Lonza) containing 1% FBS. The single cell suspension was 

spun down (600 x g, 10 minutes at 20oC) and resuspended in X-VIVO-15 containing 1% FBS and 

layered directly onto Ficoll-paque for density centrifugation (1200 x g for 20 minutes at 20oC) and 

subsequent MNC isolation. 

Lung and liver were mechanically digested with scissors into <0.5 cm pieces and 

transferred to a gentleMACS (Miltenyi) tube containing 2.5 mL X-VIVO-15 and 2.5 mL 

collagenase.  The tube was loaded onto the gentleMACS instrument and a program run that loops 

http://protocols.io/
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three times through a series of short mixing steps (ramp 900 rpm 12 seconds, spin 700 rpm 1 

second, ramp 1000 rpm 8 seconds, spin 1500 rpm 1 second, spin 1900 rpm 4 seconds, spin 1500 

rpm 1 second, spin 1900 rpm 3 seconds) followed by a longer incubation at 37oC with gentle 

mixing (loop twice through spin 50 rpm 15 min, spin 350 rpm 20 seconds) taking 32 minutes in 

total.  We added ~20 ɛL 0.5 M EDTA to give a final concentration of 2 mM to neutralize the 

collagenase and passed the digested tissue through a 70 ɛm filter with a solution of X-VIVO-15 

containing 1% FBS.  The single cell suspension was spun down (600g x 10 minutes at 20oC) and 

resuspended in X-VIVO-15 containing 1% FBS and layered directly onto Ficoll-paque for density 

centrifugation (1200 x g for 20 minutes at 20oC) and subsequent MNC isolation. 

Jejunum tissue was processed to isolate cells from the epithelial layer (EL) and the lamina 

propria (LP) based on a previously published protocol307. The jejunum was first washed in PBS 

containing 0.04% BSA to remove any chyme and then mechanically digested with scissors. These 

jejunum pieces were transferred to a 50 mL tube containing 10 mL of X-VIVO-15 containing 2 

mM DTT, 5 mM EDTA and 1% FBS and incubated at 37oC for 20 minutes. This was repeated 

twice and the chemical digestion solution contains the EL cells and was passed through a 70 ɛm 

filter with a solution of X-VIVO-15 containing 1% FBS. The remaining undigested jejunum tissue 

was transferred to a gentleMACS tube containing 2.5 mL X-VIVO-15 and 2.5 mL 

collagenase.  The tube was loaded onto the gentleMACS instrument, and a 32-minute mixing and 

digestion program was run, as described above.  We added ~20 ɛL 0.5 M EDTA to give a final 

concentration of 2 mM to neutralize the collagenase and passed the digested tissue through a 70 

ɛm filter with a solution of X-VIVO-15 containing 1% FBS resulting in the LP cells. Both the EL 

and LP single cell suspension were spun down (600 x g, 10 minutes at 20oC) and resuspended in 
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X-VIVO-15 containing 1% FBS and layered directly onto Ficoll-paque for density centrifugation 

(1200 x g for 20 minutes at 20oC) and subsequent MNC isolation. 

Skin was processed using a protocol developed by the Haniffa lab308. The subcutis layer 

was carefully removed from the skin tissue, the remaining skin was digested in dispase for 2-3 

hours at 37oC to allow the epidermal layers to be peeled from the dermal layer.  Both the epidermal 

and dermal layers were washed in PBS to remove any residual dispase and then digested in 

collagenase at 37oC overnight.  Following collagenase digestion, we added ~20 uL 0.5 M EDTA 

to give a final concentration of 2 mM to neutralize the collagenase and passed the digested tissue 

through a 70 ɛm filter with a solution of X-VIVO-15 containing 1% FBS. The single cell 

suspension was spun down (600 x g, 10 minutes at 20oC) and resuspended in X-VIVO-15 

containing 1% FBS and layered directly onto Ficoll-paque for density centrifugation (1200 x g, 20 

minutes at 20oC) and subsequent MNC isolation. 

2.2 Experimental details specific to Chapter 3 

A list of donors and which tissues were used in this study, including donor characteristics 

and the assays performed with samples from each donor, is presented in Table 3.1. 

Cytometry by time-of-flight (CyTOF) 

Single cell suspensions from each tissue site were labeled with viability marker ï Rh103 

intercalator. Then, cells from each tissue were barcoded using a unique combinatorial barcode of 

CD45 antibodies conjugated to monoisotopic cisplatin. Barcoded cells from each tissue site were 

pooled, stained with a panel of cell surface marker antibodies, and then washed, fixed, and 

permeabilized (eBioscience Transcription Factor Staining Kit, cat# 00-5532-00). Afterwards, 

pooled cells were stained with additional antibodies against intracellular targets. Samples were 
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then washed and incubated in 0.125nM Ir intercalator (Fluidigm) diluted in PBS containing 2% 

formaldehyde. A complete list of antibodies is included in Table 2.1. 

Data acquisition was performed by the Human Immune Monitoring Core at Icahn School 

of Medicine at Mount Sinai. Prior to data acquisition, samples were washed once with PBS, 

washed once with de-ionized water, and resuspended at a concentration of 1 million cells/mL in 

deionized water containing a 1:20 dilution of EQ 4 Element Beads (Fluidigm, cat# 201078). 

Table 2.1 CyTOF antibody panel 

Target Tag Clone Source Target Tag Clone Source 

CD45 89 Y HI30 Fluidigm Tcf1 159 Tb 7F11A10 Biolegend 

CD57 113 In HCD57 Biolegend CD14 160 Gd M5E2 Biolegend 

CD28 141 Pr CD28.2 Biolegend CD56 161 Dy B159 BD  

CD19 142 Nd HIB19 Biolegend gdTCR 162 Dy REA591 Miltenyi 

CD45RA 143 Nd HI100 Biolegend CXCR5 163 Dy J252D4 Biolegend 

CD103 144 Nd Ber-Act8 Biolegend CD69 164 Dy FN50 Biolegend 

CD4 145 Nd RPA-T4 Biolegend CRTH2 165 Ho REA598 Miltenyi 

CD8a 146 Nd RPA-T8 Biolegend CD25 166 Er M-A251 Biolegend 

Perforin 147 Sm dG9 Biolegend CCR7 167 Er G043H7 Biolegend 

CD16 148 Nd 3G8 Biolegend CD3 168 Er UCHT1 Biolegend 

CD127 149 Sm A019D5 Biolegend Tbet 169 Tm 4B10 Biolegend 

CD1c 150 Nd L161 Biolegend CD38 170 Er HB-7 Biolegend 

CD123 151 Eu 6H6 Biolegend CD95 171 Yb DX2 Biolegend 

CD66b 152 Sm G10F5 Biolegend LAG3 172 Yb 11C3C65 Biolegend 

TIGIT 153 Eu MBSA43 Fluidigm CXCR4 173 Yb 12G5 Fluidigm 

ICOS 154 Sm C398.4A Biolegend HLADR 174 Yb L243 Biolegend 

CD27 155 Gd O323 Biolegend PD-1 175 Lu EH12.2H7 Fluidigm 

CCR5 156 Gd NP-6G4 Fluidigm GzmB 176 Yb GB11 Invitrogen 
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Samples were acquired on a CyTOF2 (Fluidigm) equipped with a SuperSampler fluidics system 

(Victorian Airships) at an event rate of <500 events/second.  

Fluorescence-activated cell sorting (FACS) of T cells 

For FACS, cells were stained while protected from light using antibodies listed in Table 

2.2. Briefly, cells were washed with FACS-buffer (PBS with 2% heat-inactivated FBS), then 

resuspended in Human TruStain FcX (BioLegend, cat# 422302), followed by surface staining with 

fluorochrome-conjugated antibodies in FACS-buffer (20 min. at 25°C). Cells were sorted using 

BD Influx Cell Sorter using the strategies shown in . T cells for single-cell RNA sequencing were 

sorted into sterile filtered heat-inactivated FBS. T cells for high-throughput bulk TCR sequencing 

were sorted directly into cell lysis solution (Qiagen, cat# 158906). 

 

Figure 2.1 Gating strategy for T cell isolation by FACS. 
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High-throughput T Cell Receptor (TCR) sequencing 

For TCR-seq, DNA was isolated from FACS-sorted T cells using the Gentra Puregene Kit 

(Qiagen, cat# 159667). Input DNA and numbers of replicates per sample are listed in Table 3.2. 

Targeted PCR was used for amplification of TRB sequences from genomic DNA, using a cocktail 

of forward primers specific for framework region 2 (FR2) sequences of 23 TRBV subgroups (gene 

families), and reverse primer in 13 TRBJ regions; primers were adapted from the BIOMED2 

primer series (Table 2.3 and Table 2.4; IDT)309. Libraries were sequenced using an Illumina MiSeq 

in the Human Immunology Core Facility at the University of Pennsylvania, using 2x300 bp paired 

end kits (Illumina MiSeq Reagent Kit v3, 600 cycle, Illumina, cat# MS102-3003). 

Paired single-cell sequencing of transcriptomes and TCRs 

Using the Chromium Next GEM single cell 5ô Reagent kit v2 (10X Genomics), sorted T 

cells from each tissue site were loaded onto separate lanes of the Next GEM Chromium Controller 

(10X Genomics) for encapsulation (target recovery of 5,000 cells each). Single cell libraries were 

constructed using manufacturer's protocols and sequenced on a NovaSeq 6000. TCR sequencing 

libraries were prepared with the V(D)J enrichment kit from 10X Genomics, following provided 

protocols. These TCR libraries were sequenced on a NextSeq 500 (Illumina) platform. 

Table 2.2 T cell sort FACS panel (related to Chapter 3) 

Reagent Clone Source Identifier 

Anti-Human CD3 APC SK7 Biolegend Cat No.: 344812 

Anti-Human CD4 PE-Cy7 RPA-T4 Tonbo Cat No.: 60-0049 

Anti-Human CD45 Alexa Fluor 700 HI30 BioLegend Cat No.: 304023 

Anti-Human CD8 PE SK1 BioLegend Cat No.: 980902 

Fixable Viability Dye eFluor 780  Thermo Fisher Cat No.: 65-0865-18 
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 Table 2.3 BIOMED2 Primers (Vɓ mix) (related to Chapter 3) 
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Table 2.4 BIOMED2 Primers (Jɓ mix) (related to Chapter 3) 
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2.3 Experimental details specific to Chapter 4 

A list of donors and which tissues were used in this study, including donor characteristics 

and the assays performed with samples from each donor, is presented in Table 4.1. 

CITE-seq profiling of FACS sorted subsets 

PBMCs were stained with Zombie NIR Fixable Viability dye (BioLegend) for 30 minutes. 

Samples were kept at 4°C in the dark. Cells were washed thrice with FACS buffer, resuspended in 

TrueStain FcX and TrueStain Monocyte Blocker (BioLegend), and incubated for 10 minutes. We 

designed a FACS-sort antibody cocktail, prioritizing antibody clones with discrete epitopes from 

the TotalSeq-A Universal Human Panel (BioLegend) to reduce steric hinderance during CITE-seq 

staining (Table 2.5). Cells were incubated with the FACS-sort antibody cocktail for 30 minutes, 

then washed thrice with FACS buffer. Cells were incubated in TrueStain FcX (BioLegend) for 10 

minutes, then stained using a custom TotalSeq-A Universal Human Panel (BioLegend) for 30 

minutes, according to manufacturer instructions. Samples were washed thrice with FACS buffer. 

Cells were sorted using a FACS Aria II (BD Biosciences; Figure 4.3a). Seven T cell 

memory populations (CD4+ Naive, CD4+ TCM, CD4+ TEM, CD8+ Naive, CD8+ TCM, CD8+ TEM, 

CD8+ TEMRA), and monocytes were sorted into sterile, heat inactivated FBS. Sort purity was 

calculated as the number of events falling within a subsetôs gates divided by the total number of 

singlet events times 100, using the same gating strategy as the sort (Figure 4.3a). All sorts were 

high purity, with mean purity 94.4% (Table 4.2). Sorted populations were washed in FACS buffer 

and resuspended in TrueStain FcX (BioLegend) for 10 minutes. Samples were then stained with 

TotalSeq-A hashtag antibodies (BioLegend). In this experiment, the hashtag-oligos (HTOs) 

correspond to the sorted immune cell subsets (HTO1: CD4+ Naive, HTO2: CD4+ TCM, HTO3: 
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CD4+ TEM, HTO4: CD8+ Naive, HTO5: CD8+ TCM, HTO6: CD8+ TEM, HTO7: CD8+ TEMRA, 

HTO8: Monocytes). Samples were then washed thrice with FACS buffer, and pooled.  

CITE-seq profiling of human tissue samples 

Mononuclear cells (MNCs) were isolated from tissue sites of two organ donors (D496 and 

D503; Table 4.1), as described284. Approximately 1 million MNCs per tissue site were washed in 

FACS buffer and resuspended in TrueStain FcX (BioLegend) for 10 minutes. Samples were then 

stained with TotalSeq-A hashtag antibodies (BioLegend) for each tissue. For each donor, the hash-

tagged MNCs from each tissue site were pooled, washed with FACS buffer, and stained with the 

TotalSeq-A Human Universal Cocktail panel according to the manufacturer's instructions 

(BioLegend).  

Library preparation, sequencing, and alignment 

The sorted immune cells were counted, diluted to an appropriate volume, and loaded across 

two lanes of a 10X Genomics Chromium instrument targeting 6,000 cells each. Samples from each 

organ donor were loaded across 16 lanes of a 10X Genomics Chromium instrument targeting 

10,000 cells each. cDNA synthesis, amplification and sequencing libraries were generated using 

the Next GEM Single Cell 3ô Kit v3.1 (10X Genomics) with the recommended modifications for 

compatibility with the TotalSeq-A cell hashing and CITE-seq reagents (BioLegend). Organ donor 

GEX libraries were sequenced on a NovaSeq 6000 (Illumina) with 100 cycles for reads 1 and 2. 

Organ donor ADT and HTO libraries and all FACS sorted subset libraries were sequenced on a 

NextSeq 500 (Illumina) with 28 cycles for read 1 and 44 cycles for read 2.  
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Table 2.5 Panel for FACS of T cell memory subsets (related to Chapter 4) 

Target Clone Fluorophore Source Catalogue number 

CD45 MB4-6D6 APC Miltenyi 130-119-764 

CD3 OKT3 BUV496 BD Biosciences 750969 

CD8 RPA-T8 BUV395 BD Biosciences 753756 

CD4 OKT4 BV605 BioLegend 317438 

CD62L SK11 BV711 BD Biosciences 565039 

CD45RA JS-83 FITC Thermo Fisher 11-9979-42 

TCRGD REA591 PE-Vio770 Miltenyi 130-113-513 

CD14 63D3 BV510 BioLegend 367124 

CD19 HIB19 BV421 BioLegend 302234 

CD33 WM53 PE BioLegend 303404 

Viability   Zombie NIR Fixable Viability BioLegend 423105 

 

2.4 Experimental details specific to Chapter 5 

A list of donors and which tissues were used in this study, including donor characteristics 

and the assays performed with samples from each donor, is presented in Table 5.1. 

Columbia University sample cleanup 

All single cell suspensions from Columbia University were centrifuged (400 x g, 10 

minutes at 4°C) and washed twice with PBS containing 5% (v/v) FBS and 2 mM EDTA.  Cells 

were counted using the NC-2000 Cell Counter (Chemometec), and 50 million viable cells from 

each site were treated with Trustain FcX (BioLegend) and FcR Blocking Reagent (Miltenyi). Cells 

were subsequently labeled for 30 minutes at 4°C with biotinylated anti-CD66B, anti-CD235ab, 

anti-CD326 to remove granulocytes, red blood cells, and epithelial cells respectively via 

streptavidin-coated magnetic particles and negative selection (Bangs Laboratories). All single cell 

suspensions were subjected to dead cell removal using a Dead Cell Removal Kit (Miltenyi). 

Columbia University multiplexing and CITE-seq staining 
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Each single cell suspension was hashtagged to allow pooling of samples for loading on the 

10x Genomics Chromium instrument. Approximately one million MNCs per tissue were 

transferred into 4 mL flow cytometry tubes. Cells were centrifuged at 400 x g for 5 minutes, 4°C, 

supernatant removed and resuspended in PBS containing 5% (v/v) FBS and 2 mM EDTA. Cells 

were treated with Trustain FcX (BioLegend) and FcR Blocking Reagent (Miltenyi) to reduce 

background labeling and incubated at 4°C for 10 minutes. Each hashtag was spun at 14,000 x g 

for 10 minutes, and 1 µL of hashtag was added to each tube.  The samples were incubated at 4°C 

for 30 minutes and subsequently centrifuged at 400 x g for 5 minutes at 4°C and washed three 

times with PBS containing 5% (v/v) FBS and 2 mM EDTA. 200,000 cells from each sample were 

added to a single 4mL flow cytometry tube. This tube was centrifuged at 400 x g for 5 minutes, 

4°C. Cells from donors D496 and D503 were re-suspended in reconstituted TotalSeq-A Universal 

Cocktail (BioLegend) and cells from all other Columbia donors were re-suspended in reconstituted 

TotalSeq-C Universal Cocktail (BioLegend) in PBS containing 5% (v/v) FBS and 2 mM EDTA. 

Regardless of the panel used, samples were incubated at 4°C for 30 minutes, subsequently 

centrifuged at 400 x g for 5 minutes at 4°C, and then washed three times with PBS containing 5% 

(v/v) FBS and 2 mM EDTA before re-suspension in a final volume of 1 mL.  

University of Cambridge multiplexing and CITE-seq staining 

Each single cell suspension was hashtagged to allow pooling of samples for loading on the 

10x Genomics Chromium instrument. Approximately 500,000 MNCs per tissue were transferred 

into 1.5mL lo-bind DNA tubes. Cells were centrifuged at 400 x g for 5 minutes, the supernatant 

removed and resuspended in 50 ɛl PBS containing 0.04% BSA. Cells were treated with 5 ɛl 

Trustain FcX (BioLegend) to reduce background labeling and incubated at 4°C for 10 
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minutes.  Each hashtag was spun at 14,000 x g for 10 minutes, and 1µL of hashtag was added to 

each tube.  The samples were incubated at 4°C for 30 minutes, and subsequently centrifuged at 

400 x g for 5 minutes, and washed three times with PBS containing 0.04% BSA.  Equal numbers 

of cells from each tissue were pooled and the number of tissues included in each pool was 

determined by how many tissues were being processed.  

The TotalSeq-C Human Universal Cocktail (BioLegend) was reconstituted by adding 

27.5µL of Cell Staining Buffer (BioLegend) and vortexed briefly.  The CITE-seq cocktail was 

incubated at room temperature for 5 minutes and then spun at 14,000 x g for 10 minutes to pellet 

any antibody aggregates.  One vial of CITE-seq reagent was used per donor and was divided 

proportionally over the hashtag pools of cells and incubated for at 4 °C for 30 minutes and 

subsequently centrifuged at 400 x g for 5 minutes and washed three times with PBS containing 

0.04% BSA.  The cells were resuspended in 50 0µl PBS containing 0.04% BSA and passed through 

a 40 µm Flowmi pipette tip filter to remove any clumps of cells. 

Library preparation and sequencing 

For scRNA-seq experiments, single cells were loaded onto the channels of a Chromium 

chip (10x Genomics). cDNA synthesis, amplification, and sequencing libraries were generated 

using either the Single Cell 5ǋ Reagent (v1 and v2) or 3ǋ Reagent (v3) Kits. TCRŬɓ and BCR paired 

VDJ libraries were prepared from samples made with the 5ǋ Reagent kit. All libraries were 

sequenced on either an Illumina HiSeq 4000, NextSeq or NovaSeq 6000 instrument. 
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2.5 Experimental details specific to Chapter 6 

A list of donors and which tissues were used in this study, including donor characteristics 

and the assays performed with samples from each donor, is presented in Table 6.1. 

For BLD, LNG, and SPL samples, further erythrocyte depletion was accomplished by a 

brief (2 min) incubation in ACK lysis buffer (Gibco) at 37°C. To deplete epithelial cells from the 

JLP, samples were incubated for 5 min in TruStain FcX blocking buffer (BioLegend), stained for 

10 min with biotinylated Ŭ-CD326, and subjected to negative selection by streptavidin and annexin 

V microbubbles following manufacturerôs instructions (Akadeum). Samples were washed with 

buffer (DPBS, 5% FBS, 2mM EDTA) by centrifugation (400 x g, 5 min, 4°C), resuspended in 

Zombie NIR Viability dye (BioLegend) for 20 min, washed twice, incubated for 10 min in 

TruStain FcX and Monocyte Blocker (BioLegend) and stained with surface antibodies for 20 min 

(Table 2.6). Samples were sorted using a FACS Aria II (BD Biosciences) to isolate monocytes and 

Mūs (CD45+ CD33+ CD3- CD19- CD66b- CD117- CD326- cells; Figure 6.7a, Table 2.6). 

 Cells were seeded at 100,000 cells per well and cultured for 12 hours at 37°C in 0.5 mL 

media (RPMI, 10% FBS, 1X PSQ) on 24-well Nunc UpCell plates (ThermoFisher) either 

untreated, or treated with 0.02ɛg/mL LPS (Sigma) and 40ng/mL recombinant human IFNɔ (R&D 

Systems), or 20ng/mL recombinant human IL-4 (R&D Systems). UpCell plates were incubated on 

ice for 20 min for non-enzymatic cell dissociation. Culture supernatants were cryopreserved, and 

samples were stained for 30 min with TotalSeq-C Hashtags following manufacturerôs directions 

(BioLegend). Samples were counted, pooled at equal proportions, treated with human TruStain 

FcX and stained for 30 min with TotalSeq-C Universal Cocktail following manufacturerôs 

directions (BioLegend). Samples for each donor were loaded across two lanes of a 10X Genomics 
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Chromium instrument targeting between 8,000-10,000 cells each. cDNA synthesis, amplification, 

and sequencing libraries were prepared using Next GEM Single Cell 5ô Kit v2 (10X Genomics) 

and sequenced on a NovaSeq X (Illumina) with 100 cycles for read 1 and 90 cycles for read 2.  

 

Table 2.6 FACS panel for monocyte and macrophage sorting 

Target Clone Fluorophore Source Catalogue number 

CD45 HI30 BUV395 BD Horizon 563792 

CD33 WM53 BV421 BioLegend 303416 

CD66b 6/40c PE BioLegend 392904 

CD3 UCHT1 APC BioLegend 300412 

CD19 HIB19 APC BioLegend 302212 

CD117 W18195C APC BioLegend 375308 

CD326 9C4 APC BioLegend 324208 

Viability  - ZombieNIR BioLegend 423106 

 

2.6 Alignment and preprocessing of sequencing libraries  

Bulk TCR-sequencing alignment 

Raw reads are first processed using pRESTO v0.7.0 and filtered as previously 

described52,310,311. Briefly, sequences are trimmed of poor-quality bases, paired reads are aligned 

into full length contiguous sequences, short sequences are filtered out, bases with low quality 

scores are replaced with Ns, and any sequence containing more than 10 such bases is removed 

from further analysis. Filtered sequences were further processed by ImmuneDB v0.29.9312ï314 with 

identical TRBV and TRBJ gene segments and CDR3 amino acid sequences grouped into 

clones311,315. We required that a unique sequence be detected at least twice (within an individual) 

to be designated a clone, to reduce over estimation of clones due to sequencing errors. Clones with 

only 1 sequence copy were discarded. 
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Single-cell TCR-sequencing alignment 

The scTCR-seq reads were uploaded to the 10x Genomics cloud-based analysis framework 

CellRanger pipeline v6.0.1 to define clonotypes, which are based on CDR3 nucleotide sequences 

of both TCR alpha and beta chains. Single Cell TCR sequencing libraries were aligned to the 

vdj_GRCh38_alts_ensembl-5.0.0 reference using Single Cell V(D)J R2-only chemistry and 

quantified. Using the CellRanger pipeline, clonotypes associated with invariant T cell populations 

(MAIT cells; mucosal-associated invariant T cells) were identified by TRA gene usage (TRAV1-2, 

and any of TRAJ33, TRAJ20, TRAJ12), TRB gene usage (TRBV20 or TRBV6) and previously 

published CDR3 junction amino acid sequences for human MAIT T cells59.  

Single-cell RNA-seq and CITE-seq pseudoalignment and alignment 

Pseudoalignment of reads to the GRCh38 transcriptome with Gencode v24 annotation was 

performed for scRNA-seq libraries generated in Chapter 3 and Chapter 4. Pseudoalignment was 

performed using kallisto v0.45.2 (for Chapter 3) or v0.46.2 (for Chapter 4) in ñBUSò mode251,316. 

A raw count matrix was generated using bustools v0.40.0250 and filtered for high-confidence cell-

associated barcodes using the EmptyDrops algorithm317.  

 For CITE-seq and hashtag libraries produced in Chapter 4, antibody-derived tag (ADT) 

and hashtag-oligo (HTO) barcodes were demultiplexed and extracted using DropSeqPipeline8, as 

previously described318. Hashtags were demultiplexed by CLR normalization, k-means clustering, 

and statistical identification of singlets by fitting a negative binomial model as described236.  

Direct alignment was performed for all libraries generated in Chapter 5 and Chapter 6, 

using Cell Ranger from 10x Genomics319 v6.0.0 (for Chapter 5) or v7.1.0 (for Chapter 6)  with the 

appropriate chemistry option (ñfiveprimeò or ñSC3Pv3ò). We added the cell hashing antibody and 
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the protein antibody fastqs to a single call of cellranger count. When available, immune receptors 

(TCR and BCR) were aligned using cellranger vdj. TCR and BCR alignment results from Cell 

Ranger were used for quality control and filtering of low-quality cells (individual cells with both 

TCR and BCR detected). In cases where a single cell had both TCR and BCR reads, the immune-

receptor data were discarded and the cell was labelled as a multiplet. For all alignments, we used 

reference genome refdata-gex-GRCh38-2020-A and immune receptor reference refdata-

cellranger-vdj-GRCh38-alts-ensembl-5.0.0.  

All GEX count matrices were normalized to log(counts*10,000/total_counts+1) and ADT 

expression count matrices were normalized to log(counts*1,000/total_counts+1), unless otherwise 

specified. 

 

2.7 Analyses specific to Chapter 3 

CyTOF data analysis 

Data were normalized using bead-based normalization in the CyTOF software and 

uploaded to Cytobank for initial data processing. For analysis, the data were first gated to exclude 

normalization beads, dead cells, doublets, and debris. Cells derived from each tissue were then 

deconvolved by Boolean gating on CD45 barcodes, leaving DNA+CD45+Rh103- live single cells 

for subsequent analysis. FCS express software was used to gate CD3+ cells, which were then 

inputted to downstream analysis and visualization performed using custom Python script. 

Specifically, dimensionality reduction was performed using Python implementation openTSNE 

v0.3.11 to generate tSNE (t-Distributed Stochastic Neighbor Embedding) plots. Then, clustering 

was performed using Python implementation PhenoGraph v1.5.2. Heatmaps of normalized and 
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scaled marker expression were generated using the mean scaled expression with samples clustered 

by unsupervised hierarchical clustering using clustermap function of data visualization library 

Seaborn v0.9.1. 

Bulk TCR-sequencing analysis 

For analysis of TRBV and TRBJ gene usage, heatmap visualization was generated using 

CalcSegmentUsage function of VDJtools v1.2.1312. Principal component analysis was visualized 

using the factoextra package v1.0.7 in R. For clonal overlap analysis, using the immunarch v0.6.7 

package in R. Clonality was calculated using the ñtopò method of the repClonality function, with 

user-defined breaks at 1:10, 11:100, 101:1000, and 1000+, and quantified for statistical analysis 

by abundance of the top 100 clones. Overlap analysis was performed using the ñmorisitaò method 

of the repOverlap function, which calculates extent of sharing based on clonal abundance and is 

robust across different sample sizes320,321. This index was  then averaged across donors and plotted 

in a clustermap using heatmap2. Network representations of this data were generated using the 

network and ggnet2 functions of the GGally v2.1.2 and network v1.17.1 packages in R, with edge 

weights of the average morisita overlap, and node sizes of clonal expansion (measured by the 

proportion of the repertoire represented within the top 100 clones). Clone tracking plots were 

generated using the top clones from the jejunum, skin, lung, and blood rich sites (spleen, blood, 

bone marrow), using the TrackClonotypes function. 

scRNA-seq workflow and analysis 

Count matrices were then processed in the Python scanpy package v1.9.0. Events between 

1000 and 25000 total counts, between 700 and 4000 genes, and less than 25% mitochondrial counts 

were kept. Highly variable genes (HVGs) were calculated using a minimum dispersion of 0.25 and 
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batches for tissue and donor. The gene expressions were scaled without zero center and a max 

value of 10, and the regress_out function was used to reduce the influence of the total counts per 

cell on the PCA. The top 40 PCs were used to calculate the 10 nearest neighbors, which was used 

to generate a UMAP and run Leiden clustering, with scanpy package default settings. Differential 

gene expression for the Leiden clusters was calculated using the Wilcoxon mode and tie correction 

in the rank_genes_groups function. To exclude non-T cell contaminants, clusters identified 

without CD3E or PTPRC (CD45) expression, or enrichment of one of the following lineage 

markers: CD19, CD1A, SDC1, FCGR1A, CD14 were removed. HVGs were then recalculated on 

cleaned T cell dataset, and scaling, regressing out total counts, and PCA were calculated as 

described above. The PCA was harmonized by donor using the Python harmonypy package, then 

nearest neighbors and UMAP were calculated as described above.  

Leiden clustering was performed at a resolution of 3, differential expression was 

calculated, and clusters enriched for specific CD4+ and CD8+T cell subsets were annotated. To 

investigate barrier-site TRM signatures, TRM from jejunum, skin, and lung were each compared to 

all other T cells. Groups were subsampled to equal cell counts, then the count matrices were down 

sampled to equal total counts. To eliminate noise, differential expression was run using only the 

top 7000 highly variable genes using rank_genes_groups with the same parameters above. Volcano 

plots were created using the bioinfokit package v2.0.8. Overlap of significantly upregulated genes 

(log-fold change > 1, adjusted p-value < 0.05) was plotted using the matplotlib_venn package 

v0.11.6. Clustermaps of the shared significantly differentially expressed genes with a minimum 

log-fold change of 2 and clustermaps of the top 30 differentially expressed genes unique to each 

site were created using the rank_genes_groups_heatmap function in scanpy. Dot plots of selected 
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genes were created using the rank_genes_groups_dotplot function in scanpy. UMAP calculation, 

sub-clustering, and differential expression across Leiden clusters of skin TRM were all performed 

similarly to above, with Leiden clustering run at a resolution of 0.3.  

Clonal expansion was defined by cells sharing CDR3 nucleotide sequences, V gene, and J 

gene usage. CD4+ and CD8+T cell clonal expansion were calculated using the frequencies of clones 

across each tissue site. Expansion over donor was calculated using the frequencies of all clones 

across each donor. To identify unique transcriptional signatures of hyperexpanded TEM/TEMRAs (> 

45 cells sharing a clonotype), donors were analyzed separately. After isolating hyperexpanded and 

less expanded (< 5 cells sharing a clonotype) TEM/TEMRA from each donor, the top 1000 highly 

variable genes were identified, and PCA was rerun. A dendrogram was generated using 30 PCs, 

the ward method, and optimal ordering, and we identified two clusters of hyperexpanded clones. 

These groups and less expanded TEM/TEMRA were subsampled, the count matrices down sampled, 

and differential expression was performed with the settings described above. Genes were selected 

as the intersection of differentially expressed genes across both donors. Dot plots of selected genes 

were created using the rank_genes_groups_dotplot function in scanpy. 

Because there was no overlap between CD4+ and CD8+T cell clones, as expected311 and to 

account for CD4+ and CD8+T cells that may have been misclustered, clones dominated by 

expression of either CD4 or CD8A (> 2-fold enrichment of CD4 or CD8A) were labelled as CD4+ 

or CD8+ associated clones for analysis of clonal overlap across tissues from the total number of 

cells in each site. Similarly, because MAIT cells are clonally restricted, cells co-clustering with 

CD8+MAIT T cells, but with clones lacking MAIT evidence by TRA, TRB, or CDR3 junction (see 

above), were reannotated as CD8 TEM/TEMRA for clonal overlap analysis. Where appropriate, 
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analyses were repeated with a subsampled fraction of the dataset (150 CD4+ or CD8+T cells per 

site) to normalize cell numbers across sites. Clonality for each subsampled site was calculated as 

described183,311: given a clone, denoted x, frequency denoted p(x), and total set size of unique 

clones denoted L, ὅὰέὲὥὰὭὸώὢ ρ
Вᶰ .   

Statistical analysis 

Statistical analysis was performed using Prism software (GraphPad v8.4.3). Results are 

shown with SD unless otherwise indicated. Statistical significance was determined using two-way 

repeated measure ANOVA with multiple comparison testing using Tukeyôs multiple comparison 

test. P-values below 0.05 were considered statistically significant. For all figures, **** denotes p 

¢ 0.0001, *** denotes p ¢ 0.001, ** denotes p ¢ 0.01, and * denotes p ¢ 0.05. Statistical 

significance for differential expression analysis was calculated using a two-sided Wilcoxon with 

tie correction, followed by a Benjamini-Hochberg adjustment for multiple comparisons. 

2.8 Analyses specific to Chapter 4 

Details about the algorithmic design and implementation of Multi-Modal Classifier Hierarchy 

(MMoCHi) can be found in: 4.5 Algorithmic design details.  

Analysis and benchmarking using sorted T cells  

Cells from the T cell sort were filtered to remove events with fewer than 1000 unique 

counts, fewer than 200 genes detected, or over 10% mitochondrial counts. A MMoCHi hierarchy 

was developed (Figure 4.2b) and classification performed using the algorithm above. In flat 

classification variations (MMoCHi Flat, MMoCHi GEX Flat), high-confidence thresholding and 

classification were performed for all subsets in a single classification node. In GEX variations (e.g. 
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MMoCHi GEX, MMoCHi GEX Flat, etc.), ADT expression data was excluded from the detection 

of in-danger noise events and random forest training. In ñSort-refò variants (e.g. MMoCHi Sort-

ref, MMoCHi GEX Sort-ref, etc.), training events were selected using the sort labels instead of 

high-confidence thresholding. For benchmarking tests, to mirror intra-dataset performance testing 

of other reference-based tools284,285 and avoid leaky pre-processing bias322 a portion of the dataset 

(20%) was set aside to only be used for performance evaluation (completely held-out from the 

delineation of high-confidence thresholds, training data selection, random forest training, random 

forest calibration, and any manual or automatic hyperparameter optimization). To verify the 

benchmarking represented consistent trends when comparing MMoCHi to other tools, we applied 

5-fold cross validation and reported the mean performance. To test MMoCHiôs robustness, 

performance was also tested by subsampling training event numbers and downsampling reads. 

Random subsampling was performed on the number of monocyte or CD8+ TCM events included in 

the training dataset, down to 5% of the total of monocyte/CD8+ TCM events profiled. Aligned reads 

for GEX and ADT libraries were downsampled prior to generation of raw-count expression 

matrices. Downsampling was performed down to 1% of the total aligned reads, and the effect of 

this downsampling on total counts is displayed. 

We manually annotated unsupervised clusters by average expression of gene and protein 

markers. Leiden clusters of gene expression (GEX Leiden) were computed on a PCA of the highly 

variable genes with Scanpy323 defaults. Leiden clusters of ADT expression (ADT Leiden) were 

computed on a PCA of all ADTs except for isotype controls. totalVI latent space was computed 

on all ADTs except for isotype controls, and highly variable genes selected using top 4000 genes 

as defined by the Seurat v3 method324, as recommended262 (scvi.model.TOTALVI.train and 
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scvi.model.TOTALVI.get_latent_representation using scvi-tools v1.0.2). To ensure results of 

totalVI were not sensitive to the number of features used, we also computed totalVI latent spaces 

using the top 1000, 2000, and 8000 highly variable genes. Leiden clustering was performed on the 

10 nearest neighbors of the top 40 principal components or the entire totalVI latent space. Over-

clustering was also computed where highly variable gene selection, dimensionality reduction, and 

Leiden clustering were repeated to sub-cluster each cluster (excluding clusters of fewer than 40 

events) resulting in 72 GEX clusters (GEX Leiden OC), 128 ADT clusters (ADT Leiden OC), and 

116 totalVI clusters (totalVI Leiden OC). For visualization, UMAP (scanpy.tl.umap) embeddings 

of each of these feature spaces were calculated using defaults. 

ImmClassifier286, CellTypist284, and HieRFIT285 were applied as recommended, using pre-

trained models downloaded from online. ImmClassifier was run using docker with the built-in 

model, trained by inputting a log2(counts*10,000/total_counts+1) transformed GEX matrix, as 

recommended. CellTypist v1.6.2 was run by applying the ñHealthy_COVID19_PBMCò model 

(trained on PBMCs from healthy individuals and individuals with COVID-19325) with and without 

majority voting enabled (celltypist.annotate; CellTypist MV and CellTypist, respectively). A 

HieRFIT v0.1.0 model trained on 10x PBMC data was applied (HieRFIT::HieRFIT) with defaults.  

Garnett292 models were trained using high-confidence thresholding with the provided 

online hierarchy (Provided Markers) and on manually and automatically (garnett::top_markers) 

selected transcript markers which were evaluated using built-in functions 

(garnett::check_markers; Manual Markers; Table 2.7). Garnett v0.2.20 models were trained 

(garnett::train_cell_classifier) with marker propagation disabled and prediction 

(garnett::classify_cells) was performed with cluster extension disabled.  
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Additionally, CellTypist, HieRFIT, Garnett, CHETAH, scClassify, and Matilda were 

trained using the HTO-derived sort labels as a reference dataset and evaluated using a 20% hold-

out with five-fold cross validation (ñSort-refò). A CellTypist model was trained (celltypist.train) 

with two-pass training enabled for feature selection. This model was applied to held-out data with 

and without majority voting enabled (CellTypist MV Sort-ref and CellTypist Sort-ref, 

respectively). HieRFIT and Garnett models were both trained (HieRFIT::CreateHieR; 

garnett::train_cell_classifier) using a hierarchy structured identically to the MMoCHi hierarchy 

(Figure 4.2b) and applied to held-out data (HieRFIT Sort-ref and Garnett Sort-ref, respectively). 

CHETAH and scClassify hierarchies were generated by the toolsô respective built-in algorithms 

using default settings during training on the HTO-derived sort labels. The scClassify model was 

trained using an ensemble method of feature selection methods: differential expression, ɢ2-test, 

Bartlettôs test, Kolmogorov-Smirnov test, and the bimodality index (selectFeatures=c(ñchisqò, 

ñlimmaò, ñDVò, ñDDò, ñBIò)), and classification was performed using an ensemble of similarity 

metrics: Pearson correlation, Spearman correlation, Cosine similarity, Jaccard index, and Kendall-

rank correlation coefficient (similarity = c(ñpearsonò, ñspearmanò, ñcosineò, ñjaccardò, 

ñkendallò, ñweighted rankò)). These models were applied to and evaluated on the held-out data 

as described (CHETAH Sort-ref; scClassify Ensemble Sort-ref). Additionally, scClassify was 

evaluated using the reported best-performing single feature-selection and similarity metric 

combination (scClassify Pearson DE Sort-ref). Matilda was trained on raw gene expression counts 

or on both raw gene and protein expression counts using the ñmain_matilda_rna_train.pyò and 

ñmain_matilda_train.pyò scripts, respectively. The models were then applied to held-out data using 

the ñmain_matilda_rna_task.pyò and ñmain_matilda_task.pyò scripts with the ñqueryò flag set to 
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ñTrueò and evaluated as described (Matilda GEX Sort-ref; Matilda Sort-ref). CellTypist, HieRFIT, 

and Garnett were each also retrained using the combined multimodal matrix of GEX and ADT 

expression (ñMultiò). To coerce these tools to accept the multimodal matrix, the check_expression 

parameter in CellTypist functions and the db parameter in Garnett functions were disabled.  

Precision, recall, F1 scores and overall accuracy were calculated using sort labels as truth 

(sklearn.metrics.precision_recall_fscore_support; sklearn.metrics.accuracy_score). F1 score was 

calculated as the harmonic mean of precision and recall. ñAgreementò between annotations was 

calculated as the total percentage of events that received identical labels between two methods. 

Garnett and HieRFIT can provide unknown and intermediate cell type labels, which were 

quantified and excluded from performance metrics calculations. Pre-trained classifier models 

could also provide erroneous (e.g. not included in the FACS sort) or alternative (i.e. potentially 

valid annotations but not using the subsetting-axis of interest) cell type labels, which were also 

quantified, then excluded from performance calculations. 

 

Table 2.7 Garnett definitions (related to Chapter 4) 
Subset Parent Positively expressed genes 

Monocyte  LYZ, FCN1, S100A9, S100A8, CST3, CD14, CD33 

T cell  CD3E, CD3D, CD3G 

CD4 T cell T cell  CD4 

CD8 T cell T cell  CD8A, CD8B 

CD8 EM CD8 T cell  LIN52, CCL5, LYAR 

CD8 CM CD8 T cell  GZMK, LYAR 

CD4 EM CD4 T cell  CCL5, SEZ6, LYAR, S100A4 

CD8 EMRA CD8 T cell  GZMH, GNLY, FGFBP2, GZMB, LYAR 

CD8 Naive CD8 T cell  GIMAP7, FHIT, SELL, CCR7 

CD4 Naive CD4 T cell  GIMAP7, FHIT, SELL, CCR7 

CD4 CM CD4 T cell  LYAR, SELL, CCR7 
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Analysis of ADT batch-correction with published CITE-seq data 

To test landmark registration against other, published CITE-seq normalization techniques, 

we used four public datasets of CITE-seq performed on healthy PBMCs available from 10x 

Genomics (Figure 4.6a). Each dataset was treated as a separate batch. For each batch, 

log(counts*1,000/total_counts+1) and landmark registration were performed as described above. 

For these data, no manual modifications were made to the built-in automatic peak detection. CLR 

and dsb normalizations were performed using the Muon package326 v0.1.5 (muon.prot.pp.clr with 

axis set to 1; muon.prot.pp.dsb). The dsb algorithm uses empty droplets to identify protein-specific 

noise originating from unbound antibodies327. Empty droplets were defined as events that 

contained between 2 and 3 log10(ADT-counts), or (for 5k_pbmc_3p) between 1.5 and 2.8 

log10(ADT-counts) in the provided unfiltered (ñrawò) matrix and did not appear in the filtered 

matrix. Isotype controls (IgG1, IgG2a and IgG2b) were then used to remove cell-specific noise, as 

described327. Methods were evaluated using UMAPs and Leiden clustering computed as described 

above, using normalized expression of the 13 proteins profiled in all batches (CD3, CD4, CD8a, 

CD14, CD16, CD19, CD25, CD45RA, CD45RO, CD56, CD127, PD-1, and TIGIT). Nearest-

neighbors were computed using ñspearmanrò as the metric, as ADT expression was not scaled (to 

best-preserve each integration method). Batch integration was quantified with adjusted rand index 

(ARI) (sklearn.metrics.adjusted_rand_score). To test whether landmark registration was robust to 

changing cell proportions, landmark registration was also performed after removing 95% of the 

events with positive expression of CD14 (defined as above 2 log(CP1k+1)). The effect of landmark 

registration on MMoCHi classification was tested by applying MMoCHi to classify subsets across 
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batches to log(CP1k+1)-transformed or landmark registered protein expression, with thresholds 

manually defined for all batches together or each batch separately.  

Analysis of organ donor sequencing 

CITE-seq data obtained from tissue immune cells was filtered separately. Although hashtag 

demultiplexing removes inter-sample multiplets, this method cannot detect multiplets between 

cells from the same tissue site. Thus, multiplets were detected by Scrublet328 

(scrublet.Scrublet.scrub_doublets), using default settings, an expected doublet rate of 0.015, and 

applying separately to each library-tissue combination of over 100 events. Cells were then filtered 

to remove events with fewer than 1000 unique counts, fewer than 600 genes detected, or over 10% 

hemoglobin counts. We used a cluster-based method to remove events either identified as doublets 

by Scrublet or with high mitochondrial counts, similar to the previously described percolation 

method284. Briefly, a PCA on highly variable genes was calculated, integrated using Harmony257 

(scanpy.external.pp.harmony_integrate), and used for nearest neighbor calculation and Leiden 

clustering with a resolution of 20. Clusters with significantly higher Scrublet scores (above 0.1) or 

percent mitochondrial counts (above 15%) were removed. Individual events not captured by these 

clusters that were identified as Scrublet doublets or had over 25% mitochondrial counts were also 

removed.  

We devised a MMoCHi hierarchy (Figure 4.7d; Table 4.5) and performed classification 

using the algorithm above. Due to insufficient numbers, TSCM were not included in the hierarchy 

(Table 2.8). Classification fit across a varying number of random forest estimators (trees) was 

evaluated for prediction accuracy. Overall prediction accuracy was measured using internally held-

out events (events that were high-confidence thresholded but excluded from the training of random 
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forest classifiers). Performance metrics were calculated as above for individual classification 

nodes using precision, recall, and F1 scores for each child subset, weighted by the number of 

internally held-out, high-confidence events (average=ôweightedô). Gini impurity-based feature 

importances were automatically calculated during random forest training by scikit-learn. Manual 

annotation and UMAP calculation were performed on the totalVI latent space, as described above. 

The clustered dendrogram of classifi ed subsets in each donor was calculated 

(scanpy.tl.dendrogram) on the totalVI latent space with optimal ordering enabled. In select cases 

of disagreement between MMoCHi and manual annotations, differential expression was 

performed between the disagreeing events (e.g., MMoCHi-classified CD8+ T cells that were 

manually-annotated as CD4+ T cells against manually-annotated CD8+ T cells that were MMoCHi-

classified as CD4+ T cells) on the ADT expression or GEX matrices.  

Pre-trained classifiers were applied to organ donor PBMC events that were classified as 

one of: CD4+ Naive, CD4+ TCM, CD4+ TEM, CD8+ Naive, CD8+ TCM, CD8+ TEM, CD8+ TEMRA, or 

classical monocytes. MMoCHi or Garnett models trained on the sorted FACS dataset (FACS-

trained MMoCHi, FACS-trained MMoCHi GEX, and FACS-trained Garnett) or pre-trained 

ImmClassifier or CellTypist models were applied as described above. For ImmClassifier, 

CellTypist, and Garnett, Alternative, Unknown, or Erroneous classifications were quantified as 

described above. 

 To display of features associated with each subset (Figure 4.14), the top important features 

with a log2(fold-enrichment) > 2 for that subset. For identification of transcriptomic markers for 

Naive T cells and TCM (Figure 4.15), MMoCHi models were retrained at the CD4+ and CD8+ 

Naive/TCM level, given the same multimodal high-confidence thresholding, but trained on only the 
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GEX matrix. To ensure these GEX markers were not learned through tissue-specific 

contamination, additional models were trained using only T cells from organ-donor blood, and 

features displayed had to be in the top 1% of important features in both models. To improve 

robustness, they were additionally filtered to only those with a greater than 10% change in dropout 

rate. 

Application of MMoCHi to other modalities 

To apply MMoCHi to other modalities beyond CITE-seq, we used three public datasets: 

Ab-seq of sorted T and NK cells329, scRNA-seq of a glioma biopsy268,  and Xenium of a human 

lymph node and breast cancer biopsy330 obtained from 10x Genomics. For the Ab-seq dataset, only 

resting cells were used. The gene expression matrix was normalized to 

log(counts*1,000/total_counts+1), and the protein expression matrix was normalized to 

log(counts*100/total_counts+1). Clustering was performed on a totalVI latent space, calculated as 

described above. Manual annotations of these clusters were highly congruent with published 

annotations.329 In the glioma dataset, the gene expression matrix was normalized to 

log(counts*10,000/total_counts+1). The ratio of the average expression of genes on chromosome 

7 to chromosome 10 was used as an additional marker, effectively segregating malignant cells, as 

described268. Manual annotations and UMAP coordinates were obtained from the published 

clustering analysis. In the Xenium datasets, the gene expression matrix was normalized to 

log(counts*100/total_counts+1). Gene-expression probes marked as ñnegative controlò or ñblankò 

were removed. The datasets were filtered to remove any events with fewer than 10 total counts 

and 5 unique genes expressed. The remaining events had sufficient gene expression for application 

of high-confidence thresholding, following the methods above. Morphological features were 
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calculated using the nucleus and cell boundaries, as determined by the Xenium Onboard Analysis 

pipeline v1.5.0. Nuclear or cellular area was calculated in ɛm2 by converting boundary vertices to 

Polygon objects using the Shapely package v2.0.2 (shapely.geometry.Polygon; shapely.area). 

Nuclear or cellular roundness, or circularity, was calculated as the ratio of a shapeôs area to the 

area of the minimum bounding circle of that shape (shapely.minimum_bounding_circle). Nuclear 

DAPI intensity was calculated by obtaining average pixel-intensity of the provided 2D maximum 

intensity projection (ñMIP") image. To obtain the pixels overlapping with the nucleus, we used the 

Rasterio package v1.3.9 (rasterio.features.rasterize) using a transformation (affine.Affine.scale) of 

0.2125ɛm per pixel, as defined in image metadata. These features were supplied to MMoCHi 

without additional scaling. Manual annotation of clusters was performed on the provided graph-

based clusters and displayed on the provided graph-based UMAP projection. MMoCHi was 

applied to all four datasets using hierarchies crafted using known marker genes, proteins, or 

chromosome-level expression patterns (Table 4.6; Table 4.7; Table 4.8; Table 4.9). Where 

possible, markers were selected to match the cell-type definitions used for the original manual 

annotation. For figure generation, Xenium cell boundaries were plotted on top of the provided 2D 

autofocus projection image of DAPI staining using the same scaling as above. Cell boundaries 

were shrunk slightly for display to reduce drawing overlap (using the 

shapely.geometry.Polygon.buffer method, with join_style ñmitreò). Feature importances were 

obtained as described above. Performance comparisons of MMoCHi versus cluster-based or expert 

Xenium annotations were displayed for known marker genes. Comparisons with <50 cells (breast 

cancer biopsy) or <200 cells (lymph node) were excluded from visualization. 
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Estimation of computational performance 

We measured the computational resources required to train and apply MMoCHi classifiers 

using a predefined hierarchy and thresholds (Figure 4.7c; Table 4.5). Comparisons were performed 

with multiprocessing enabled for random forest training, using 3rd generation Intel Xeon Scalable 

processors (3.5 GHz) with 32 vCPUs and 32 GiB of RAM (AWS/EC2 c6i.8xlarge instance). Tests 

at varying event counts were performed by randomly subsampling the dataset prior to 

classification.  

Quantification and statistical analysis 

Statistical comparison of classification performance was calculated using a Friedman rank-

sum test (stats::friedman.test using the stats library v4.3.1), matched by cell-subset, on F1 scores, 

followed by multiple comparisons using a paired two-sided Wilcoxon signed-rank test 

(stats::pairwise.wilcox.test) with FDR correction. Significance groups for each method are 

displayed by lettering, where methods not sharing a letter are significantly different (p < 0.05). 

Prior to differential expression, the two groups were subsampled to the same number of 

events and their expression matrices were downsampled to equal total counts. Differential 

expression was performed (scanpy.tl.rank_genes_groups) on log-normalized expression, with 

Wilcoxon mode, tie correction, and FDR correction enabled. Genes or proteins with |log2(fold 

change)| > 2 and p < 0.05 were identified as significantly differentially expressed. Statistical details 

for each experiment can be found in figure legends for each respective analysis.  
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Table 2.8 Insufficient availability of T SCM 

 D496 D503 

Total high-confidence CD4+ T cells (CD3+ CD4+) 18737 29153 

Total high-confidence CD4+ TSCM (CCR7_gex+ CD45RA+ CD45RO- CD95+) 4 36 

Percent high-confidence CD4+ TSCM (CCR7_gex+ CD45RA+ CD45RO- CD95+) 0.021% 0.12% 

Total high-confidence CD8+ T cells (CD3+ CD8+) 20522 10980 

Total high-confidence CD8+ TSCM (CCR7_gex+ CD45RA+ CD45RO- CD95+) 3 0 

Percent high-confidence CD8+ TSCM (CCR7_gex+ CD45RA+ CD45RO- CD95+) 0.015% 0% 

 

2.9 Analyses specific to Chapter 5 

Quality control of single-cell atlas data 

Samples were demultiplexed by hashtag expression using hashsolo with default 

parameters248. Cells that were not uniquely assigned to an individual sample were removed from 

downstream analysis. One sample from skin and one sample from thymus were removed entirely 

due to high levels of hashtag multiplets. We removed the thymus completely from downstream 

analysis as identifying thymus tissue in older individuals is challenging, and we did not identify 

thymus-specific cells in our sequenced samples (no thymocytes or AIRE-expressing cells). 

Filtering was performed to remove cells with fewer than 50 unique genes detected. 

Mitochondrial counts were quantified, summing all genes starting with ñMT-ò and ribosomal 

counts were quantified using all genes starting with ñRPSò and ñRPLò. For erythrocyte-related 

counts all genes starting with ñHBò as well as ALAS2 and EPOR (to detect erythrocyte precursors) 

were quantified. Cells with more than 20% mitochondrial counts were flagged as potentially low-

quality for later filtering. Counts for mitochondrial genes and MALAT1 were subsequently 

removed from the gene expression object and downstream analysis. To exclude contamination 

from ambient RNA we processed the data using DecontX256. Two samples (one from liver and one 
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from skin) with abnormally high ambient counts were removed as DecontX could not correct the 

ambient counts (e.g., plasma cell genes like ALB in all immune cells). All downstream analysis 

was performed on uncorrected counts as we found few ambient counts in other samples. We used 

a CellTypist model284 to detect erythrocytes. Doubles were additionally detected using Scrublet328 

with a sim_doublet_ratio of 10.  

For each unique tissue-site, we performed an initial integration across all samples by 

training an scVI model261 on the gene expression with following parameters: 10,000 highly 

variable genes using the seurat_v3 option331 in Scanpy, early stopping enabled and 50 epochs, ten 

epochs for n_epochs_kl_warmup, two layers in encoder and decoder, nb gene likelihood and a 

mini-batch size of 256. 

To perform filtering of low-quality events, we used following quality metrics: the 

probability of a doublet predicted by Scrublet, the probability of a doublet from HashSolo, the 

percentage of erythrocyte genes as described above, whether a cell contained both TCR and BCR, 

whether the CellTypist erythrocyte model predicted a cell to be an erythrocyte as well as cells with 

a total count below 2,000 UMI, 1,200 unique genes, or 200 protein counts. All scores were added 

to generate a per cell quality metric. To perform filtering, we argued that cells that group together 

and have evidence of low-quality should be removed from downstream analysis. We first 

used Louvain clustering332 on the coordinates from scVI latent space using 15 nearest neighbors 

to cluster the per tissue integrated data with a resolution of 5.0. Every cluster with a median low-

quality score (described above) of at least one was removed from downstream analysis. Although 

some low-quality events were retained with this filtering, their frequency was drastically reduced. 

We additionally established tissue-specific cut-offs to remove additional events and removed 
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clusters with a mean low-quality score of 0.3 from all tissues, except for the lung lymph node and 

jejunum where the threshold was manually increased to recover higher-quality cells. Using a 

course cell type annotation based on manual annotation of clusters, we identified cell types that 

were consistently filtered out even though their quality did not appear to be spuriously low by 

manual inspection. We retained mast cells and hematopoietic stem cells from all tissues, all 

macrophages from lymph nodes and spleen, all erythrocytes and platelets from bone marrow, and 

all monocytes from liver. 

We concatenated cells from all tissues and computed the 10,000 top highly variable genes 

using the seurat_v3 option in Scanpy and used the same parameters as described above but with a 

mini-batch size of 1,024 to accelerate the training process. We used this integrated latent space to 

assign initial cell-types and removed all cell-types that were not labeled as immune cells. 

Additionally, we removed all cells where manual labeling and automatic labeling using MMoCHi 

(see below) were inconclusive about coarse cell-type identity (e.g. B cell, myeloid, T cell). These 

events were of low-quality by manual inspection. We performed post-hoc manual removal of these 

and other clusters of low-quality cells after integrating all cells. 

Immune cell subset classification using MMoCHi 

To identify canonical immune cell subsets, we used a supervised machine learning 

algorithm called MMoCHi (see Chapter 4 for algorithmic details and performance evaluation). We 

employed several key features of MMoCHi (v0.2.1) including its simultaneous use of protein- and 

RNA-level features for classification, compatibility with a pre-defined reference hierarchy of cell 

subsets and their established markers, and ability to integrate CITE-seq batches with different 

levels of signal and background from antibody staining. We first normalized the gene expression 
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(GEX) count matrix using log(10,000Cg,i / TG,i + 1) where Cg,i is the counts for GEX feature g in 

cell i and TG,i is the total counts for all GEX features in cell i. Similarly, we normalized the 

antibody-derived tag (ADT) count matrix using log(1,000Ca,i / TA,i + 1) where Ca,i is the counts 

for ADT feature a in cell i and TA,i is the total counts for all ADT features in cell i. We then batch-

corrected the ADT expression distributions for each ADT feature using landmark registration. We 

identified landmarks or peaks in the expression distributions for each ADT feature in a given 

sample by automatic detection of local maxima following kernel density smoothing using the 

Scipy functions signal.find_peaks and stats.gaussian_kde, respectively. Following automatic peak 

detection, we used the MMoCHiôs graphical user interface (GUI) to manually adjust peak 

identification for some markers. Next, we performed curve registration and warping to align the 

positive and negative peaks for each ADT feature across experimental batches using the scikit-fda 

function preprocessing.registrtion. landmark_elastic_registration_warping.  

MMoCHi trains a random forest classifier for annotation. We provided MMoCHi with a 

hierarchy of immune cell subsets (nodes) and their canonical surface protein- and RNA-level 

markers (Figure 5.3; Table 5.2), and used the markers to identify high-confidence members (cells) 

of each node for training. For each marker in the hierarchy, MMoCHi automatically proposes 

threshold expression levels on the batch-corrected data to identify high-confidence marker-

positive and negative cells. MMoCHi also supplies a GUI for manually adjusting these thresholds, 

which we used for a subset of markers. We establish ADT-level thresholds similarly to gating for 

flow cytometry, whereas GEX-level thresholds primarily capture cells with any detectable marker 

expression, due to high transcript drop-out rates in scRNA-seq (Table 5.2). For two of the 24 organ 

donors and a subset of samples from a third donor, we did not perform CITE-seq and only had 
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scRNA-seq profiles. Thus, these samples were excluded from the MMoCHi classification 

described here. However, we used a k-nearest neighbors approach to transfer the classifier labels 

to individual cells profiled from these two organ donors. Specifically, we used the 

sklearn.neighbors.KNeighborsClassifier with n_neighbors = 10 to construct a k-nearest neighbors 

graph in the mrVI embedding of the dataset (see below) and classify the remaining cells. Of the 

subsets, pDCs were identified using two separate nodes on the hierarchy (Figure 5.3), as pDCs 

shared expression with both B cells and myeloid cells. Once classified, the two subsets were 

merged into a single population of pDCs. The resulting annotation includes 34 immune cell 

subsets, as illustrated in Figure 5.4. The MMoCHi annotation was used at two separate levels 

throughout the manuscript, defined as either one of the 34 fine-grained subsets, or grouped into 

CD4+T cells, CD8+ and unconventional T cells (including ɔŭ T cells and CD8+MAIT cells), B 

cells, NK cells and ILCs, and myeloid cells (including monocytes, macrophages, cDCs, migratory 

DCs, and pDCs). 

Training and application of label-transfer models 

Owing to the breadth of tissues and human subjects sampled in our dataset and high-

resolution annotation of immune subsets, we anticipated our immune atlas will be useful to the 

research community as a reference for performing cell-type label transfer. To facilitate this 

application, we trained a model using popV333, a tool developed for cell-type label transfer that 

employs several annotation algorithms and uses consensus voting to determine annotations and 

evaluate their confidence. popV also calculates joint embeddings of the query and reference 

datasets, which can be used for visualization of the query data and for other analysis tasks. A popV 

model was trained using the tissues and MMoCHi annotations described in Figure 5.4 as the 
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reference dataset. Label transfer performance was evaluated using the Human Lung Cell Atlas 

(HLCA) as a query dataset334. To visualize the data, we computed UMAP embeddings as described 

above on joint scVI embeddings which were calculated as part of the popV pipeline.Figure 5.4 

To evaluate the importance of ADT information in the MMoCHi classification 

performance, we additionally applied a pre-trained CellTypist284 model (Immune_All_Low) using 

default settings to the tissue immune cells described in Figure 5.4.  

Integration and cell state embedding using mrVI 

To integrate scRNA-seq profiles of immune cells in our study we first used scVI, which 

did not yield a fully integrated latent space and clustered by site of collection (e.g., US/UK). We 

next leveraged mrVI, which uses a mixture-of-gaussian as a prior and enforces stronger separation 

of true cell-state and effect of donors on gene expression as has been recently demonstrated by 

Boyeau et al335. mrVI takes advantage of a prior based on a multimodal variational mixture of 

posteriors (similar to a VampPrior336), which have been shown to outperform Gaussian priors for 

scRNA-seq integration in benchmarking studies336. Briefly, mrVI finds a sample-agnostic latent 

space U and computes a sample-specific embedding. A second latent space Z is defined by adding 

an attention-based concatenation between U and the sample embedding space to the original U-

space. Another layer of attention is used to incorporate an embedding of 10x Genomics chemistry 

and experimental site (Cambridge/UK vs. Columbia/NY), and this third latent space is decoded 

using a linear decoder to yield the rate of a negative binomial distribution. We use a cell type-

aware Gaussian mixture prior in U-space. To introduce cell type awareness, we use a bias to the 

mixture proportions that makes it likely for cells of the same type to be sampled from the same 

Gaussian. 
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For the latent embedding highlighted throughout the manuscript and used for manual cell-

type curation, we used the donor identities as the sample keys and used the output of MMoCHi 

classification (see above) as the cell-type prior in mrVI. We used default parameters except 

n_epochs_kl_warmup of 25, n_latent_u of 20, n_latent in Z-space of 200, dropout in qz as well as 

pz of 0.03 (adopted from335, follow-up manuscript under preparation). To visualize cells (either 

the total immune component or individual major lineages) we computed nearest neighbors 

(scanpy.pp.neighbors) on the mrVI U latent space and calculated Uniform Manifold 

Approximation and Projection (UMAP) embeddings (scanpy.tl.umap) using the 15 nearest 

neighbors, a minimum distance of 0.4, a spread of 1.0, and initialization with PAGA after running 

scanpy.tl.paga. To identify additional heterogeneity in cell-states within samples beyond the cell-

type annotation provided by MMoCHi, we performed manual-annotation. For each MMoCHi 

annotated population, a new scVI model was trained with donor as the batch key, then Leiden 

clustering (scanpy.tl.leiden) was performed on the lineage-specific neighbors graph at an 

appropriate resolution selected to minimize over-clustering (ranging from 1 to 15). Markers for 

each cluster were computed by scanpy.tl.rank_genes_groups and clusters with similar marker 

expression were merged. To annotate proliferating cells, scanpy.tl.score_genes_cell_cycle was run 

and the output was used in combination with the gene expression of MKI67 and TOP2A. 

Differential expression and variance decomposition using dreamlet 

We focused our DE analysis on immune lineages and cell types with sufficient 

representation across experimental sites, tissues, and donor ages. This included six tissue groups: 

blood, bone marrow, spleen, gut (jejunum lamina propria and jejunum epithelium), lymph 

nodes (inguinal, lung, and mesenteric), and lungs (consisting of BAL and parenchyma); six 
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immune lineages: myeloid, CD4 T cells, CD8 T cells, invariant T cells (i.e. ɔŭ T cells and MAIT 

cells), B cells and ILC/NK cells; and 26 individual cell types within all lineages. Covariates 

included 10x Genomics chemistry (3ô vs. 5ô), sex (male vs. female), laboratory (Cambridge/UK 

vs. Columbia/NY), and CMV status (positive vs. negative).  For aging analyses, donors were 

categorized into <40 or >40 years of age.  

Variance decomposition and pseudobulk differential expression (DE) analysis were 

performed using linear mixed modeling through the dreamlet R package (version 1.4.1)252. 

Depending on the resolution of the analysis, differential expression was performed separately 

either for each immune lineage (e.g., myeloid cells, B cells, etc.) or for each immune subset (e.g., 

macrophage, naïve B cells, etc.) using the cluster_id parameter in dreamlet. The raw GEX count 

matrix was pseudobulked across samplesðeach tissue in each donor was treated as a separate 

sample. Prior to performing DE, samples and genes with poor representation were filtered using 

dreamlet::processAssays. Samples with fewer than 50 cells and genes not represented in at least 

40% of the samples with at least 5 counts were excluded. To confirm findings by mrVI 

counterfactual analysis (see below), these thresholds were reduced to a minimum of 10 cells for a 

sample to be included and at least 10% of samples with at least 5 counts. DE for a subset was not 

performed when fewer than 3 or 4 samples (for tissue- and age-analysis, respectively) met the 

minimum cell thresholds. Variance decomposition was performed for age-analysis for each lineage 

using dreamlet::fitVarPart with sex, sequencing chemistry, CMV serostatus, age group, 

processing site, and tissue as covariates. Linear mixed modelling was performed using 

dreamet::dreamlet with eBayes estimation enabled. Tissue-effects (Figure 5.12; Figure 5.15; 

Figure 5.13; Figure 5.14) were modelled by comparing each lineage/subset in one tissue-group to 
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the same lineage/subset in the remaining tissue-groups, with donor identity encoded as a random 

effect. Age-effects (Figure 5.16; Figure 5.19; Figure 5.22; Figure 5.18) were modelled across each 

tissue-group/age-group combination while controlling for CMV serostatus and sex as fixed effects 

and with sequencing chemistry and processing site as random effects. Age-effects within each 

tissue-group were then measured using the contrasts parameter in dreamlet::dreamlet between old 

and young for each tissue-group (e.g. the effect of age in the gut was computed as ñold-gut ï 

young-gutò). CMV effects (Figure 5.20) were modelled across each tissue-group/CMV serostatus 

combination while controlling for age and sex as fixed effects and with sequencing chemistry and 

processing site as random effects. CMV-effects within each tissue-group were then measured using 

the contrasts parameter in dreamlet::dreamlet between CMV+ and CMV- for each tissue-group. 

Identification of gene co-expression patterns using consensus scHPF 

For identifying cross-tissue and cross-donor gene signatures for each major immune 

lineage, we constructed probabilistic factor models directly from scRNA-seq count matrices using 

scHPF. The output of scHPF includes two matrices - an M x K gene score matrix containing 

weights for each of M genes in each of k factors and a K x N cell score matrix containing weights 

for each of N cells in each of K factors. In the original report of scHPF, the algorithm required a 

user-supplied value of K, the number of factors in the model268. Here, we use a new, consensus 

factorization implementation of scHPF where the user specifies a broad range of K values from 

which many scHPF models are generated267. The gene score matrices for these models are then 

clustered to identify K recurrent factors, which are combined to seed a final round of training to 

construct a final consensus model with K factors. 
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We constructed two types of scHPF models: 1) tissue-level models (Figure 5.14) where the 

number of cells from each of three tissue-groups was balanced by random sub-sampling (gut: 

jejunum epithelium and lamina propria, lung parenchyma, and lymph nodes: mesenteric and lung-

associated) and 2) donor-level models (Figure 5.16; Figure 5.19) where the number of cells from 

each organ donor was balanced. We constructed both types of models for the major immune 

lineages: CD4 T cells, CD8 T cells (including all invariant T cells), NK cells, ILCs, B cells, and 

macrophages. For donor models, donors with fewer than 300 cells for a given lineage were 

removed. In both models, the count matrices were randomly downsampled such that the average 

number of transcripts per cell was the same for each donor to avoid coverage bias. scHPF models 

considered only protein-coding genes (excluding T cell receptor and immunoglobulin cassettes) 

detected in at least 1% of cells across the final subsampled and downsampled training matrix. 

For all consensus scHPF models, we ran scHPF five times for each of 16 values of K (15-

30) from which we selected the top three models for each value of K based on convergence criteria 

for clustering. We applied walktrap clustering to identify recurrent clusters, which we required to 

form clusters with factors from at least two different models from which we trained the final 

consensus model267. 

Detection of tissue-specific effects 

Immune subset composition within each lineage across tissues was visualized by violin 

plots or box plot (using seaborn). Tissue-specific enrichment of immune subset frequencies in 

specific tissues was also assayed within each major lineage using scCODA337 for Bayesian 

inference. Significant enrichment of an immune subset in one tissue over the rest was determined 

using sccoda.util.comp_ana.CompositionalAnalysis to detect credible effects, and was run 
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sequentially selecting each cell type as the reference. Majority voting was then used to identify 

cell types that are credibly changing more than half the time with automatic reference-subset 

selection and the default false discovery rate of 0.05.  

To determine tissue-specific gene expression signatures across immune lineages (Figure 

5.12), significantly differentially expressed genes were defined as adjusted p-value < 0.05 and log2 

(fold-change) > 1 by pseudobulk differential expression across tissues at the lineage-level (see 

above). Mean z-scored gene expression was calculated for each pairing of tissue-group and 

lineage. Genes and samples were both hierarchically clustered using 

scipy.cluster.hierarchy.linkage with Wardôs method and Euclidean distance. Discrete clusters of 

genes with similar expression patterns were calculated using scipy.cluster.hierarchy.fcluster with 

the ñmaxclustò method.  

For each gene-cluster, association with specific tissue-groups or lineages could arise from 

differential expression within one or more specific subsets of that lineage, or from compositional 

shifts in subsets across tissues. To disentangle these possibilities, we first used pre-ranked GSEA 

to compare the gene-clusters identified via the lineage-level DE to the effect size (i.e., log-fold 

change) of differential expression across tissues in the subset-level DE. To visualize potential 

effects due to compositional shifts across tissues, we computed the average frequency of the subset 

(as a proportion of the total cells within that lineage-group) within a tissue, the fold-change of that 

frequency over the frequency in the remaining tissue-groups, and the average expression of the 

gene-cluster.  

To assess whether differential transcript expression was reflected in the surface protein 

profiling, we selected ADTs corresponding to differentially expressed genes in at least one tissue. 



102 

 

 

 

To identify enrichment in one tissue-group over the other tissue-groups, we used 

scanpy.tl.rank_genes_groups on the normalized expression with Wilcoxon and tie-correction 

enabled. To minimize the influence of technical staining artifacts or donor-covariates, analysis was 

conducted separately within each donor. Donors with fewer than 50 cells for a particular tissue-

group/lineage combination or tissue-group/lineage combinations with fewer than 4 suitable donors 

were excluded from analysis. Prior to differential expression, the ADT count matrix was 

subsampled to equalize cell numbers and randomly downsampled such that the average number of 

transcripts per cell was the same for each group to avoid coverage bias.  

We next sought to identify factors from the tissue-level scHPF models of each major 

immune lineage that were shared across cell types. As described above, we first constructed 

consensus scHPF models for CD4+T cells, CD8+T cells, macrophages, NK cells, ILCs, and B cells 

with equal representation of cells from each of three major tissue-groups (gut, lung, and lymph 

nodes). From each model, we removed likely nuisance factors containing heat shock protein-

encoding genes (common dissociation artifact, >1 gene), ribosomal protein-encoding genes 

(common coverage artifact, >10 genes), genes from the highly inducible metallothionein cluster 

(>1 gene), hemoglobin transcripts (red blood cell contamination, >0 genes), and genes in a 

previously published signature of dissociation-induced cell stress in scRNA-seq (>7 genes)338 

among the 30 top-weighted genes. Next, we computed the average cell score for each factor in 

each of the three major tissue-groups and identified all factors with an average tissue-group score 

that was at least 80% higher in one tissue-group than the average of the remaining two. Thus, the 

resulting set of 53 scHPF factors from across all six lineage-specific models exhibit some degree 

of tissue specificity. To compare these factors to each other, we computed the Pearson correlation 
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between the gene score vectors for each pair of factors. We then identified factors with a pairwise 

correlation that was greater than the 95% confidence threshold with at least two other factors, 

which yielded 31 scHPF factors from across the six major immune lineages. Finally, we performed 

hierarchical clustering of the Pearson correlation matrix for these 31 factors (seaborn.clustermap 

using Euclidean distances) to identify modules containing factors with similar gene signatures that 

originated from different, lineage-specific scHPF models (Figure 5.14). Modules of genes were 

further interrogated by average gene expression and validated in specific immune subsets using 

pseudobulk GEX DE and ADT DE as described above. 

Detection of age-specific and CMV effects on composition and gene expression 

To detect shifts in the subset composition of specific lineages across the age-groups and 

CMV serostatus, we performed generalized linear modelling by fitting a statsmodels.GLM model 

for each tissue-subset, considering sex, sequencing chemistry, CMV serostatus, and processing 

site as additional covariates. Donors with fewer than 50 cells for a particular tissue-group/lineage 

combination or tissue-group/lineage combinations with fewer than 4 suitable donors were 

excluded from analysis. The estimated coefficients were used to calculate a covariate-aware 

Log2(fold-change) for visualization. We used the statsmodels.multipletests function to adjust p-

values for multiple comparisons (Benjamini-Hochberg method), and subset-tissue combinations 

with an adjusted p-value<0.05 were considered significantly changing across age. 

To depict age-associated effects on the immune system, we visualized the similarity of 

trending DE genes by age on immune subsets across tissues using t-SNE (Figure 5.16b). We first 

calculated trending DE gene (unadjusted p-value < 0.05; <40 y.o. / >40 y.o.) pairwise similarities 

by summing the intersection of positively regulated genes (LFC > 0.1) and negatively regulated 
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genes (LFC < -0.1), divided by the overall union of both. The similarity or distance (1-similarity) 

was applied to cell types containing more than 70 DE genes (unadjusted p-value < 0.05, mean log-

normalized expression > 0.05) and present in at least three donors per tissue and age group. The 

similarity levels of cell types and tissues with more than 200 DE genes were further clustered using 

the Ward.D2 method and projected into a distance-based t-SNE illustration.  

To investigate the effect of age on specific genes within each immune subset, we plotted 

genes that were significant in at least 1 tissue (adjusted p-value < 0.05) and within the top 50 

significant genes. Although our power to detect age-effects by DE was limited, genes that were 

significantly DE in one subset were often trending in the same direction across multiple tissue-

groups. 

To assess the effect of age on surface protein expression, we utilized landmark registered 

protein expression data (by MMoCHi, see above) to account for donor-to-donor batch effects in 

ADT staining quality. Although landmark registration preserves the separation between positive- 

and negative-expressing cells for thresholding, this non-parametric normalization can obscure 

changes in overall expression intensity between samples. Thus, we focused on shifts in percent-

positivity for a marker in a given tissue-subset. We performed automatic thresholding by MMoCHi 

followed by manual adjustment (as described above), on the landmark registered expression of all 

ADT corresponding to a DE gene by age. The percentage of cells with expression of a given ADT 

above the positive-threshold was calculated for each donor/tissue-group/subset combination. 

Donors with fewer than 50 cells for a particular tissue-group/lineage combination or tissue-

group/lineage combinations with fewer than 4 suitable donors were excluded from analysis. The 

percent-positivity was used as the response variable in the same linear regression model used to 
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detect shifts in composition across age-groups. We adjusted p-values for multiple comparisons as 

above, and ADTs with an adjusted p-value < 0.05 were considered significant. 

We constructed donor-level scHPF models for each major immune lineage with uniform 

representation of cells from each donor to identify age-associated gene signatures, as described 

above. For each scHPF model, we performed linear mixed effects modeling (LMM) to account for 

covariates and identify age associations. Each LMM contained six categorical covariates as fixed 

effects: age-group, sequencing chemistry, sex, processing site, and CMV serostatus. We also 

considered three tissue-types: mucosal (bronchoalveolar lavage, lung parenchyma, jejunum lamina 

propria, jejunum epithelium), lymph nodes (inguinal, mesenteric, and lung-associated), and blood-

rich including blood, bone marrow, and spleen), which required us to select one category (blood-

rich) as a held-out variable. Thus, we have two categorical variables for tissue, which effectively 

represent mucosal vs. blood-rich and lymph node vs. blood-rich. We encoded donor identity as a 

random effect. LMM coefficients and p-values were computed for each factor in a given scHPF 

model using the cell-scores as response variables by fitting a statsmodels.MixedLM model and 

using the statsmodels.multipletests function to adjust p-values for multiple comparisons 

(Benjamini-Hochberg method). 

To cross-validate age-associated scHPF factors in other datasets, we further analyzed a 

bone marrow atlas339 containing 36 age-annotated donors with good B cell representation for a B 

cell aging factor, a lung atlas340 containing 29 age-annotated donors with good macrophage and 

CD8+T cell coverage, and PBMC data from the Sound Life cohort (25-65yrs, n=96) from the 

Human Immune Health Atlas341 ((Figure 5.16; Figure 5.18; Figure 5.19). Using the published cell 

type annotations from each atlas, we extracted the appropriate scRNA-seq profiles and projected 
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them into the corresponding donor-level scHPF models generated from the data reported here 

using the scHPF project function. This resulted in cell scores for cells from the external data sets 

for the same factors that were generated from this data set, allowing us to compare the average cell 

scores for young vs. older donors from the external data. As an orthogonal approach, we also 

performed pseudo-bulk differential expression analysis between older and younger donors (using 

an age cutoff of 40 years) from the external data sets, ranked the genes by fold-change, and used 

GSEA to analyze the statistical enrichment of age-associated factors among young vs. old donors. 

We used the top 200 genes (ranked by scHPF gene score) in each age-associated factor as gene 

sets for GSEA. 

Counterfactual analysis to detect age-associations with mrVI 

For the DE analysis described in Figure 5.22, we subsetted the mrVI sample embeddings 

to each tissue-group and modeled the predicted Ů in MrVI by a linear model adjusting for covariates 

in sex, CMV serostatus, and age-group as fixed effects, and considering sequencing chemistry and 

processing site as site covariates in MrVI. A ridge regression parameter of 0.1 due to collinearity 

of cofactors was added. This decomposition of Ů was performed for every single cell. This yields 

an estimated effect in Z-space for each covariate. The effect vector was added to the mean cell 

embedding in Z-space and DE genes were computed based on the modified and mean embedding 

for each cell. For downstream analysis, this matrix of estimated log-fold-changes for each cell and 

gene was further processed for each immune subset. First, all cells were filtered out that were 

represented only in fewer than three samples335. Second, for each cell-type, genes with less than 

0.01 raw average expression or an estimated log-fold-change across age-groups with a 95-

percentile below 0.1 (retain only genes that might be affected by age in a group of cells). To dissect 
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predicted gene effects into modules, neighborhood smoothing was performed using 15 nearest 

neighbors in U-space and multiplying two times the normalized affinity matrix with the predicted 

gene effects. Spectral co-clustering was performed with four gene clusters and four cell clusters 

with mini-batch enabled using sklearn.cluster.SpectralCoclustering. Marker genes for each 

module were identified by averaging the predicted log-fold-changes across all cells from the 

corresponding cell module and top 50 genes for each module were identified. We used decoupleR-

py to compute a module score of log fold change scores using weighted means of the signs of those 

marker genes342.  

For the lung, we isolated a gene module in CD4+T cells that contained TRM. To detect 

similar cells in other tissues, we computed the best cut-off for the module score to identify cells in 

a specific cell module based on Youdenôs J statistic, computed the module score for all cells from 

other tissues as described above, and applied the same cut-off to all other tissues as the tissue of 

interest. Because the gut contained TRM with a Th17 phenotype and all other tissues had no module-

positive cells, we therefore selected all cells with a MrVI predicted negative log-2 fold change of 

IL17A below -0.05. To confirm our findings on a per-gene level, we selected module-positive cells 

and used pseudobulk estimates of differential expression using dreamlet. Samples with fewer than 

five module-positive cells or 1,000 total counts and genes with fewer than 3 total counts were 

removed. Aging DE was performed using the contrasts-method, as described above. Genes within 

a shared functional group were manually selected from the mrVI signature for visualization. 

Pseudobulk DE was performed on the classifier-predicted cells in other tissues using the same 

settings as above in this cell-subset. Enrichment of module or selected marker genes in the 

pseudobulk DE was performed using GSEA implemented in decoupler.run_gsea.   
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T cell receptor and B cell receptor repertoire analysis using Dandelion 

Cell Ranger-mapped TCR and BCR contigs contained in óall_contigs.fastaô and 

óall_contig_annotations.csvô output files were re-annotated using the Dandelion preprocessing 

pipeline343. This pipeline includes the following steps: (1) Sample suffix/prefix assignment to each 

sample barcode; (2) Re-annotation of contigs with IgBLAST344 v1.19.0 against IMGT 

(international ImMunoGeneTics) reference sequences (last downloaded: 24/04/2023); (3) Re-

annotation of D and J genes separately using blastn to enable the annotation of contigs without the 

V gene present; (4) Identification and recovery of nonoverlapping individual J gene segments. For 

BCRs, three additional steps were also performed: (1) Additional re-annotation of heavy-chain 

constant (C) region calls using blastn (v2.13.0) against curated sequences from CH1 regions of 

respective isotype class. (2) Heavy chain V gene allele correction using TIgGER345 v1.0.1; and (3) 

BCR mutation calling. Cell-level quality control was performed using Dandelionôs ófilter_contigsô 

function, which only considers productive VDJ contigs, asserts that a single cell should only have 

one VDJ and one VJ pair, or only an orphan VDJ chain, and explicitly removes contigs that fail 

these checks (except for IgM/IgD and TRB/TRD extra pairs). Contigs that did not match any cell 

barcodes in the gene expression data were also removed at this step. TCRs and BCRs were then 

grouped into clones/clonotypes. The following default sequential criteria, which apply to both 

chain contigs, were applied: (1) identical V and J genes usage; (2) identical junctional CDR3 amino 

acid length and (3) CDR3 sequence similarity - 100% nucleotide sequence identity at the CDR3 

junction for TCRs and 85% amino acid sequence similarity (based on Hamming distance) for 

BCRs. 
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TCR or BCR data were then transferred into the corresponding AnnData object. Cells 

without receptor data or that presented more than one receptor were discarded from further 

immunoreceptor analysis. For T cell analysis, cells annotated as MAIT cells or Ὓŭ T cells were 

also discarded. Clonality of the different populations was calculated as 1īPielouôs evenness index, 

varying from 0 (more diverse) to 1 (less diverse), with the Pielouôs evenness corresponding Hs / 

Hmax where Hs is the Shannon entropy of sample s and Hmax = log2C where C is the number of 

unique clonotypes in s.  All clonality scores were calculated on a subsample of 100 cells for each 

donor, cell type, tissue, or cell type and tissue. 

To detect shifts in the BCR isotype composition of specific B cell lineages across the age-

groups, we performed generalized linear modelling by fitting a statsmodels.GLM model for each 

tissue-subset, considering sex, sequencing chemistry, CMV serostatus, and processing site as 

additional covariates. Donors with fewer than 50 cells for a particular tissue-group/lineage 

combination or tissue-group/lineage combinations with fewer than 4 suitable donors were 

excluded from analysis. The estimated coefficients were used to calculate a covariate-aware 

Log2(fold-change) for visualization. We used the statsmodels.multipletests function to adjust p-

values for multiple comparisons (Benjamini-Hochberg method), and subset-tissue combinations 

with an adjusted p-value<0.05 were considered significantly changing across age. 
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2.10 Analyses specific to Chapter 6 

Tissue-immune cell atlas pre-processing 

To derive tissue signatures, we extracted MMoCHi-annotated monocyte and Mū events 

from the CITE-seq atlas of immune cells described in Chapter 5. Donors or libraries without 

antibody-derived tag (ADT) profiling (donors 582C and 583B; library 637C_6) were removed. 

For downstream analysis, gene expression (GEX) and antibody-derived tag (ADT) counts were 

library size and log-normalized to log(counts per 10k+1) and log(counts per 1k+1), respectively. 

Landmark-registration, as previously described346,347, was used to integrate ADT expression across 

donors (mmochi v0.2.1).  

Tissue-specific embeddings were computed on Mūs from LNG (bronchoalveolar lavage 

and parenchyma samples merged), JLP, SPL, bone marrow (BMA), and lymph nodes (LN; both 

lung-associated and mesenteric), and a joint-embedding was computed for monocytes from blood 

(BLO) and all tissue sites. Non-protein-coding, mitochondrial, ribosomal, or hemoglobin genes, 

and immune-receptor ADTs were removed prior to embedding. Principal components were 

computed on the top 5000 most highly variable genes in each donor (scanpy v1.10.4), or on all 

ADTs with between 20-80 percent positivity across the sample, integrated by donor using 

Harmony257 (harmonypy; v0.0.9), and used to compute neighbor graphs (50 nearest; scanpy). 

Merged, multimodal neighbor graphs were created using weighted-nearest neighbors276, 

embedded using Uniform Manifold Approximation and Projection (UMAP) with a minimum 

distance between 0.5 and 0.65, and clustered using the Leiden algorithm348 at a resolution between 

1 and 1.4 (muon; v0.1.7). Clusters were manually annotated by marker expression. Similarity of 
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Mū subsets isolated from the two LN sites was determined using harmony-integrated principal 

component embeddings computed for the merged LN samples. 

Events with under 250 unique genes profiled, 1,000 GEX counts or 50 ADT counts, and 

events with over 50,000 GEX counts, 10,000 ADT counts, or 20% mitochondrial counts were 

removed. Hashtags were demultiplexed using HashSolo248 with priors determined by 

commercially provided multiplet rates (scanpy). Multiplets and hashtag-negative events were 

removed. An initial clustering on highly variable genes (as above) for each donor was used to 

identify and remove clusters enriched for markers of contaminant lineages (e.g., G0S2, CD3E, 

CD19, JCHAIN, KRT7, DCN; <2% of total events) or low-quality events (abnormally high 

mitochondrial content or low GEX counts). Next, clustering and marker-based manual annotation 

was performed for each tissue/treatment combination on the library-integrated (harmonypy) 

principal components of the GEX, using a Leiden resolution of 2.5 (scanpy). A global, library-

integrated UMAP embedding was computed for visualization. 

Pseudobulk differential gene and protein expression analysis 

GEX counts were aggregated across each sample or each sample/subset combination. 

Samples with under 50 (for the immune atlas) or 20 (for the ex vivo stimulation) cells, or genes not 

represented in 15% of samples with at least 20 counts were excluded (dreamlet v1.4.1). 

Differential expression (DE) was estimated using linear mixed models252 with either a random 

intercept of donor orðto derive universal stimulation signaturesðrandom intercepts of donor and 

tissue. Differential percent-positivity analysis for ADT expression was performed with analogous 

mixed models (statsmodels; v0.14.0). One-v-one and one-v-all effects were computed using 

contrasts. P-values were adjusted for false discovery rate (Benjamini-Hochberg method).  
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Gene signatures associated with specific tissues or stimuli were extracted as the top 100 

significantly upregulated (p-adj<0.05, log2(fold-change)>0) protein-coding, non-ribosomal genes 

by t-statistic. Signature scores for each cell were calculated using scanpy. Mūs in cell cycle were 

quantified using scanpy and gene lists associated with S or G2/M phase349. Gene Set Enrichment 

Analysis (GSEA) and gene ontology (GO) were performed by gseapy v1.1.3. Enrichment of tissue-

signatures in the estimated log2(fold-change) between pairs of tissues or subsets was evaluated by 

pre-ranked GSEA. Enrichment of these signatures in the Tabula Sapiens350 was evaluated by 

pseudobulk DE across donor/tissue combinations with at least 10 Mūs (scanpy). Enrichment of 

these signature in murine tissues was evaluated using the fold change in expression in bulk RNA-

seq data generated previously on sorted Mūs37. 

Cytokine analysis 

Supernatants were shipped to Eve Technologies Corp. (Calgary, Alberta) to apply a bead-

based multiplexed quantification of 71 human cytokines and chemokines. For each analyte, 

concentrations were derived by aligning beadsô fluorescence intensity to standard curves and 

multiplying by the dilution factor (1.8x). For statistical analysis and visualization, values were 

clipped to the provided limit of detection. Enrichment or depletion in a particular tissue-site upon 

stimulation was determined by a paired t-test on log10-transformed concentration.  
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Chapter 3: Tissue adaptation and clonal segregation of human 

memory T cells in barrier sites 
 

The following chapter is adapted from Poon and Caron, et. al., 2023. Data collection was 

completed prior to my involvement with the project, but I contributed to writing all sections and 

the formal analysis of the TCR-sequencing and multimodal single-cell sequencing experiments. 

 

Poon, M. M. L.*, Caron, D. P.*, Wang, Z., Wells, S. B., Chen, D., Meng, W., Szabo, P. A., Lam, 

N., Kubota, M., Matsumoto, R., Rahman, A., Lunning-Prak, E. T., Shen, Y., Sims, P. A., Farber, 

D. L. (2023) Tissue adaptation and clonal segregation of human memory T cells in barrier sites. 

Nat Immunol 24, 309ï319              *co-first authors 

 

T lymphocytes migrate to barrier sites after exposure to pathogens providing localized 

immunity and long-term protection. Here, we obtained tissues from human organ donors to 

examine T cells across major barrier sites (skin, lung, jejunum), associated lymph nodes, lymphoid 

organs (spleen, bone marrow), and in circulation. By integrating single-cell protein and 

transcriptome profiling, we demonstrate that human barrier sites contain tissue-resident memory 

T cells (TRM) that exhibit site-adapted profiles for residency, homing, and function distinct from 

circulating memory T cells. Incorporating T cell receptor and transcriptome analysis, we show that 

circulating memory T cells are highly expanded, display extensive overlap between sites, and 

exhibit effector and cytolytic functional profiles, while TRM clones exhibit site-specific expansions 

and distinct functional capacities. Together, our findings indicate that circulating T cells are more 

disseminated and differentiated, while TRM exhibit tissue-specific adaptation and clonal 

segregation, suggesting that strategies to promote barrier immunity require tissue-targeting.  
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3.1 Introduction  

Immune cells situated in barrier sites, such as skin, lung, and intestines, provide localized 

defense against pathogens at their main entry points and form a protective shield between the body 

and the environment. Innate immune cells, such as macrophages and dendritic cells, seed directly 

into barrier tissues during their development, while T cells, which coordinate adaptive immunity, 

populate barrier sites in response to antigen exposure. A subset persists as tissue resident memory 

T cells (TRM), which can be generated following site-specific infection by diverse pathogens 

including viruses, bacteria, parasites, and fungi, as demonstrated in mouse models74,351. Mouse 

TRM mediate efficacious protection in the skin, lung, and intestines through in situ functional 

responses, proliferation, and recruitment352ï354. Understanding how TRM become adapted to and 

persist in barrier sites in humans is important for promoting protective immunity. 

In humans, TRM are found in practically all tissues including barrier sites, primary and 

secondary lymphoid organs, and exocrine organs (e.g., liver, pancreas)18,74. The frequency of TRM 

is a feature of the tissue: intestines contain predominantly TRM with negligible circulating T cells, 

lung and skin have majority TRM along with circulating subsets, while lymphoid organs have lower 

frequencies of TRM compared to circulating subsets214,296,355. Human TRM exhibit core gene and 

protein signatures that distinguish them from circulating memory T cells296,356 and can exhibit site-

specific expression of differentiation and functional markers310,357,358. However, the extent to 

which TRM become adapted to specific tissue types remains unclear and requires a comprehensive 

assessment of multiple sites within the same individual.  

There is evidence that human TRM may play functional roles in protective immunity in 

barrier sites. TRM specific to acute respiratory viruses, such as influenza and SARS-CoV-2, are 
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preferentially maintained in the lungs relative to other sites183,359, suggesting generation of site-

specific immunity. TRM specific for intestinal microbiome and pathogens are maintained in the 

intestines360, while in skin, TRM are generated to cutaneous infection and associated with 

protection361,362. Whether these site-specific responses are maintained within barrier sites or shared 

in circulation is unclear. Our recent analysis of T cell receptor (TCR) sequences across subsets in 

blood, lymphoid organs, and lungs of individual organ donors revealed sharing of highly expanded 

memory T clones across multiple sites311.  Assessing how T cell clones within the major portals 

for pathogen entry are maintained requires sampling of multiple barrier sites along with lymphoid 

organs and blood for monitoring and tracking immune responses.  

In this study, we integrated multiple single-cell technologies to investigate the clonal 

overlap and tissue adaptations of T cells in human barrier sites relative to diverse lymphoid organs 

and blood of individual organ donors, using our well-validated tissue resource20,214,363. 

Investigating protein expression profiles by cytometry by time-of-flight (CyTOF) and 

transcriptional profiles by single-cell RNA sequencing (scRNA-seq), we identified distinct tissue-

specific populations conserved across individuals and TRM protein and gene expression signatures 

unique to each barrier site, which are associated with distinct functions. TCR clonal analysis by 

DNA sequencing and scRNA-seq shows tissue-restricted expansion and segregation of TRM clones 

in barrier tissues, and highly expanded TEM and TEMRA clones dispersed across sites with cytolytic 

functions. These findings demonstrate the heterogeneity of tissue-adapted T cell lineages and the 

landscape of clonal networks across barrier sites, their associated lymphoid tissues, and circulation, 

with important implications for targeting and monitoring site-specific immunity. 
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3.2 Results 

Acquisition of human tissues for single-cell profiling 

We have established a human tissue resource for obtaining blood and multiple lymphoid 

and barrier sites from individual organ donors, which enables investigation of immune responses 

across the body. Mononuclear cells were isolated from nine sites ï blood, barrier tissues (lung, 

jejunum, and abdominal skin), their associated lymph nodes (lung lymph node (LN), mesenteric 

lymph node (MN), and inguinal lymph node (IN), respectively), and systemic lymphoid organs 

(bone marrow (BM), spleen) ï obtained from seven donors ages 22-74 yrs (Table 3.1), using well-

validated protocols (see: Materials and Methods)20,183,363. With this cohort, we performed single-

cell profiling, CyTOF, high-throughput T cell receptor sequencing (TCR-seq), and 10X Genomics 

5ô scRNA-seq along with V region sequencing of TCRA and TCRB genes of T cells isolated from 

multiple tissue sites of individual donors.  

Barrier sites contain tissue-adapted T cell populations  

To examine subset composition and phenotypic heterogeneity of T cells maintained across 

the body, we used a high-dimensional CyTOF panel incorporating multiple markers of T cell 

differentiation, function, and migration to analyze CD3+T cells obtained from blood and tissues 

Table 3.1 Donor information . 

Donor 

Age 

(yrs) Sex Ethnicity/race 

CMV/EBV 

serology Assays performed 

D455 70 M Black or African American +/+ CyTOF 

D457 40 M Asian +/+ CyTOF 

D461 22 F Hispanic/Latino +/+ 
CyTOF, 

Bulk TCR-seq 

D466 59 M White -/- Bulk TCR-seq 

D479 63 M Hispanic/Latino +/- Bulk TCR-seq 

D492 74 M Hispanic/Latino +/+ 
Bulk TCR-seq,  

Paired scRNA/scTCR-seq 

D511 37 M Hispanic/Latino +/+ Paired scRNA/scTCR-seq 
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Figure 3.1: Site-specific T cell subset distribution in human barrier and lymphoid tissues. 

T cells were isolated from 8 sites (blood, spleen, LN, IN, MN, lung, skin and jejunum) of three 

donors, stained with a 37-marker panel and analyzed by CyTOF. a, The full complement of CD4+ 

and CD8+ T cell subsets from blood and seven tissue sites of three donors, as defined by marker 

expression, represented in a t-distributed stochastic neighbor embedding (t-SNE) plot. Cluster 

numbers correspond to T cell subsets defined in b. b, Marker expression by CD4+ (top, green) and 

CD8+ (bottom, blue) T cell clusters in a, defined by unsupervised clustering. The color intensity 

of each cell denotes the column-normalized mean scaled expression of each indicated marker 

within each cluster. c, Stacked bar chart of the proportion of T cell subsets in each site for each of 

the three donors. d, T cell subset composition and features stratified by site, compiled from three 

donors and represented as t-SNE plots. Prominent T cell subsets are highlighted by a dashed ellipse 

for each site. TFH, follicular helper T cell; TRM, tissue-resident memory T cell; ɔŭT, gamma-delta 

T cell; Treg, regulatory T cell; TCM, central memory T cell; TEMRA, terminally differentiated effector 

memory T cell; TEM, effector memory T cell; TH1, type 1 helper T cell; BL, blood; IN, inguinal 

lymph node; JE, jejunum; LG, lung; LN, lung lymph node; MN, mesenteric lymph node; SK, skin; 

SP, spleen.  

 

of three donors ages 22, 40, and 70 yrs (Figure 3.1; Table 3.1; Table 2.1). Unsupervised clustering 

based on marker expression identified 31 clusters, representing heterogeneous populations of 

CD4+ and CD8+T cell subsets (Figure 3.1a; Figure 3.2a). Subsets included naïve 

(CCR7+CD45RA+CD95-), central memory T cells (TCM; CCR7+CD45RA-CD28+), effector 

memory T cells (TEM; CCR7-CD45RA-), terminally-differentiated effector T cells (TEMRA; CCR7-

CD45RA+), and TRM (CCR7-CD45RA-CD69+). Functional subsets included T-follicular helper 

cells (TFH; CD4+CXCR5+PD-1+ICOS+)364, regulatory T cells (Treg; CD4+CD25+CD127-)365, T-

helper 1 (Th1) cells defined by the transcription factor T-bet366, and T-helper type 2 (Th2) with 

enhanced expression of CRTH2367. Innate-like T cells were mostly represented by ɔŭ T cells 

(gdTCR+; Figure 3.1a,b).  

The composition of CD4+ and CD8+T cell subsets was similar between individuals, despite 

their broad age range (Figure 3.1c; Figure 3.2b). CD4+T cells comprised subsets of naïve, TCM, 

TFH, Treg, TRM subsets expressing CD69 and to a lesser extent CD103, Th1-like cells expressing  
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Figure 3.2: T cell subsets across sites as measured by CyTOF. 

 (a) Scaled marker expression by T cells across sites as measured by CyTOF. Expression of the 

indicated surface and intracellular markers, as measured by CyTOF, used for unsupervised 

hierarchical clustering of T cells across tissue sites in Figure 3.1. Color intensity of individual cells 

denotes scaled expression of the indicated marker. (b) CyTOF analysis of T cells in circulation 

and in lymphoid and barrier sites shown in a t-SNE plot as in Figure 3.1a stratified by individual 

donors. Arrows indicate clusters that differ between the younger and older donors. TEM, effector 

memory T cell; TEMRA, terminally-differentiated effector memory T cell.  

 

T-bet and the senescent marker CD57 (cluster 13) and Th2-like CRTH2+ cells (cluster 20; Figure 

3.1a-c). CD8+T cells comprised naïve and memory subsets, along with higher frequencies of TEMRA 

cells and ɔŭ T cells compared to CD4+T cells (Figure 3.1a-c). CD8+TEM and TEMRA cells were 

further subdivided based on differential expression of CD57, inhibitory molecules (PD-1, TIGIT), 

and cytotoxic mediators (granzyme B, perforin) (Figure 3.1a,b). Between donors, the oldest donor 

had the lowest frequency of naïve CD8+T cells and a distinct TEM/TEMRA population expressing 

CD57, TIGIT, and PD-1 (cluster 14; Figure 3.2b; Figure 3.3).  

For all donors, the composition and distribution of T cell subsets were site-specific, 

consistent with previous findings for naïve and memory T cells assessed by flow 

cytometry214,296,310,355. However, this high-dimensional profiling revealed which subpopulations 

were similar between sites and which had site-specific adaptations. Blood contained CD4+ naïve, 

TCM, TEM, Treg, as well as CD8+ naïve and TEM/TEMRA populations (Figure 3.1c,d; Figure 3.3), 

while all three lymph node sites contained a distinct composition from blood consisting of mostly 

CD4+ subsets (naïve TCM, TFH, TRM, and Tregs) and lower frequencies of CD8+ naïve and TRM cells 

(Figure 3.1c,d; Figure 3.3). The spleen contained subsets found in both blood and lymph nodes 

along with additional CD8+TEM/TEMRA and TRM populations (Figure 3.1c,d; Figure 3.3). Each 

barrier site, however, contained a unique composition of T cells compared to all the other sites  
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Figure 3.3: T cell subset distribution across tissues and between donors. 

Heatmaps illustrating frequency of CD4+ (a) and CD8+ (b) T cell subsets present in each tissue site 

for all three donors combined and for each individual donor. Color intensity of each cell is based 

on column z-score values. M, male; F, female; TFH, follicular helper T cell; TRM, tissue-resident 

memory T cell; gdT, gamma-delta T cell; Treg, regulatory T cell; TCM, central memory T cell; 

TEMRA, terminally-differentiated effector memory T cell; TEM, effector memory T cell; Th1, type-

1 helper T cell; BL, blood; IN, inguinal lymph node; JE, jejunum; LG, lung; LN, lung lymph node; 

MN, mesenteric lymph node; SK, skin; SP, spleen. 

 

(Figure 3.1c,d; Figure 3.3). Lungs contained CD4+ and CD8+TRM, distinct CD57+TEM (clusters 13 

and 19), TEMRA, and gd T cells (cluster 25). Jejunum contained predominantly CD69+CD103+TRM, 

a Tbet+CCR5+TFH population (cluster 18); while skin contained CD4+ and CD8+TRM expressing 

CXCR4 (clusters 10,12) implicated in skin T cell homing368, TEM (cluster 8), and CRTH2+ Th2- 

and Tc2-like cells (cluster 20) (Figure 3.1d; Figure 3.2a; Figure 3.3). Together, these results 

demonstrate that T cells within each barrier tissue exhibit site-specific compositions and TRM with 

site-specific profiles.  

T cell clonal networks differentially involve barrier sites 

We next sought to evaluate the degree of clonal expansion and overlap of CD4+ and CD8+T 

cells in barrier sites relative to cells in blood and lymphoid tissues by next generation sequencing 

(NGS) of genes encoding the CDR3ɓ chain (TCR-seq) (Table 2.2; Table 3.1; Table 3.2). TCR-seq 

from 4 donors showed that CD4+ and CD8+T cells displayed distinct clonal expansion and TRBV 

and TRBJ gene usage across tissues and donors, with CD8+T cells more clonally expanded than 

CD4+T cells, consistent with previous studies53,311 (Figure 3.4a; Figure 3.5). To assess potential 

differences in clonal expansion between sites, we normalized for different sampling depths by 

calculating the proportion of the total repertoire occupied by the top 100 clones in each site. 
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Table 3.2 Bulk TCR sequencing metadata. 

Sample 

Number of 

cells sorted 

Input DNA 

per rep (ng) 

Number of 

reps 

Number of 

clones 

Clone per ng 

input DNA 

D461-BL-CD4 50000 33.15 2 10956 165.2 

D461-BL-CD8 50000 36.4 2 10919 150.0 

D461-BM-CD4 50000 27.11 2 8965 165.3 

D461-BM-CD8 50000 28.41 2 5830 102.6 

D461-IN-CD4 50000 35.43 2 9028 127.4 

D461-IN-CD8 50000 40.3 2 5830 72.3 

D461-JE-CD4 50000 26.46 2 5537 104.6 

D461-JE-CD8 50000 18.79 2 1048 27.9 

D461-LN-CD4 50000 30.88 2 8881 143.8 

D461-LN-CD8 50000 22.49 2 5423 120.6 

D461-LG-CD4 50000 29.38 2 5588 95.1 

D461-LG-CD8 50000 39.98 2 2208 27.6 

D461-MN-cD4 50000 27.37 2 8992 164.3 

D461-MN-CD8 50000 31.79 2 6063 95.4 

D461-SK-CD4 14000 7.61 2 1521 99.9 

D461-SK-CD8 7000 3.24 2 689 106.3 

D461-SP-CD4 50000 24.12 2 8152 169.0 

D461-SP-CD8 50000 20.22 2 4018 99.4 

D466-BL-CD4 50000 45 2 9286 103.2 

D466-BL-CD8 50000 45 2 3554 39.5 

D466-BM-CD4 50000 45 2 10585 117.6 

D466-BM-CD8 50000 45 2 4524 50.3 

D466-IN-CD4 50000 45 2 7021 78.0 

D466-IN-CD8 50000 45 2 6257 69.5 

D466-JE-CD4 50000 13.65 2 6598 241.7 

D466-JE-CD8 50000 45 2 4070 45.2 

D466-LN-CD4 50000 45 2 12019 133.5 

D466-LN-CD8 50000 45 2 8393 93.3 

D466-LG-CD4 50000 45 2 9429 104.8 

D466-LG-CD8 50000 45 2 4649 51.7 

D466-MN-cD4 50000 45 2 3363 37.4 

D466-MN-CD8 50000 45 2 2334 25.9 

D466-SK-CD4 100000 45 2 6824 75.8 

D466-SK-CD8 44000 45 2 5939 66.0 

D466-SP-CD4 50000 45 2 9445 104.9 

D466-SP-CD8 50000 45 2 3035 33.7 

D479-BL-CD4 50000 10.692 2 2433 113.8 

D479-BL-CD8 50000 8.976 2 1492 83.1 

D479-BM-CD4 50000 12.012 2 2811 117.0 

D479-BM-CD8 50000 10.098 2 695 34.4 

D479-IN-CD4 100000 23.034 2 5919 128.5 

D479-IN-CD8 50000 7.656 2 1563 102.1 
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D479-JE-CD4 51000 5.412 2 932 86.1 

D479-JE-CD8 25000 3.795 2 490 64.6 

D479-LN-CD4 50000 13.398 2 3865 144.2 

D479-LN-CD8 50000 8.844 2 780 44.1 

D479-LG-CD4 50000 10.296 2 2850 138.4 

D479-LG-CD8 50000 9.042 2 1950 107.8 

D479-MN-CD4 75000 13.068 2 3866 147.9 

D479-MN-CD8 50000 6.204 2 674 54.3 

D479-SK-CD4 69000 21.252 2 1650 38.8 

D479-SK-CD8 22000 3.564 2 495 69.4 

D479-SP-CD4 50000 10.56 2 2488 117.8 

D479-SP-CD8 50000 8.844 2 741 41.9 

D492-BL-CD4 36000 9.5 2 3668 193.1 

D492-BL-CD8 6000 5.4 2 2368 219.3 

D492-BM-CD4 50000 17.5 2 3389 96.8 

D492-BM-CD8 50000 17.5 2 1892 54.1 

D492-IN-CD4 50000 17.5 2 4935 141.0 

D492-IN-CD8 50000 17.5 2 4961 141.7 

D492-JE-CD4 32000 17.5 2 3900 111.4 

D492-JE-CD8 50000 17.5 2 2383 68.1 

D492-LN-CD4 50000 17.5 2 5993 171.2 

D492-LN-CD8 50000 17.5 2 2891 82.6 

D492-LG-CD4 32000 17.5 2 4839 138.3 

D492-LG-CD8 50000 12.75 2 2710 106.3 

D492-MN-cD4 50000 17.5 2 7336 209.6 

D492-MN-CD8 50000 17.5 2 3691 105.5 

D492-SK-CD4 3000 2.58 2 2088 404.7 

D492-SK-CD8 7000 3.03 2 2113 348.7 

D492-SP-CD4 50000 17.5 2 6016 171.9 

D492-SP-CD8 50000 17.5 2 1812 51.8 

 

Table 3.3 scTCR-seq metadata 

Donor Tissue 

Lineage  

(by 

cluster) 

Number of 

cells 

with  TCR 

data 

Unique  

Clones 

Unique 

Clones 

(sampled 

to 150 

cells) 

Clonality   

(sampled 

to 150 

cells) 

D511 BL CD4 1101 1094 150 0 

D492 BM CD4 545 538 147 0.00151 

D492 IN CD4 2809 2784 150 0 

D511 IN CD4 1367 1358 150 0 

D492 JE CD4 581 446 129 0.0137 

D511 JE CD4 656 329 103 0.0938 

D492 LG CD4 843 660 144 0.00294 
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D511 LG CD4 642 571 144 0.0048 

D492 LN CD4 1283 1261 150 0 

D511 LN CD4 2118 2105 150 0 

D492 MN CD4 1687 1658 150 0 

D511 MN CD4 359 359 150 0 

D492 SK CD4 157 108 103 0.0817 

D511 SK CD4 241 195 127 0.0247 

D492 SP CD4 287 284 148 0.00101 

D511 SP CD4 1861 1826 150 0 

D511 BL CD8 269 222 127 0.0263 

D492 BM CD8 1225 198 40 0.415 

D492 IN CD8 1039 921 143 0.00854 

D511 IN CD8 294 290 148 0.00171 

D492 JE CD8 219 144 106 0.0406 

D511 JE CD8 1194 422 98 0.0615 

D492 LG CD8 454 173 72 0.187 

D511 LG CD8 422 234 94 0.0852 

D492 LN CD8 419 243 91 0.143 

D511 LN CD8 340 339 150 0 

D492 MN CD8 318 235 115 0.0798 

D511 MN CD8 81 81 NA NA 

D492 SK CD8 625 285 87 0.12 

D511 SK CD8 1002 600 116 0.0278 

D492 SP CD8 1091 167 29 0.385 

D511 SP CD8 1076 834 135 0.0161 

 

There was an increase in expanded CD4+ and CD8+T cell clones in the lungs, jejunum, and skin 

compared to clones in tissue-associated lymph nodes (Figure 3.4b, Figure 3.6). CD8+T cells also 

exhibited significant clonal expansion in the blood, spleen, and BM compared to CD4+T cells 

(Figure 3.4b), consistent with a proportion of human T cells being widely disseminated311.  

T cell clonal distribution and overlap across sites was calculated based on clonal abundance 

(see: Materials and Methods). For each donor, there was a broader clonal overlap of CD8+ 

compared to CD4+T cells across sites (Figure 3.4c). Despite some variations between donors, BM, 

spleen, lung, and blood were sites of extensive clone sharing for CD8+T cells in all donors and for  
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Figure 3.4: Distinct clonal connections define T cells in barrier sites. 

CD4+ and CD8+ T cells were isolated from nine sites of four individual donors (D461, D466, D479, 

D492) for TCRB sequencing. a, Pie charts showing relative clonal abundance for CD4+ (left) and 

CD8+ (right) T cells from each sample, showing the proportion of the repertoire occupied by the 

top 10, 100, 1,000 or 1,001+ clones. b, Combined frequency of the top 100 clones among CD4+ 

(left, green) and CD8+ (right, blue) T cells. Bar height represents frequencies averaged across four 

donors. Statistical significance was calculated using two-way ANOVA with repeated measures, 

matched by donor for each tissue and CD4+/CD8+ subset, followed by Tukeyôs multiple-

comparisons test, comparing tissues within each subset. ****P Ò 0.0001; ***P Ò0.001; 

** P Ò0.01; *P Ò0.05. Error bars represent s.d. (n= 4 independent human donors for each tissue 

site). c, Morisita overlap index between pairwise cell populations of CD4+ (left) or CD8+ (right) T 

cells. Color intensity is based on Morisita overlap index. d, Clone tracking plots illustrating overlap 

of the top 20 clones across sites for representative donor D479. Bar height indicates the fraction 

of the repertoire occupied by the top 20 clones within each tissue site. Each color represents a 

unique clone. e, Network representation of CD4+ (left) and CD8+ (right) T cell clones in blood, 

lymphoid, and barrier sites across the body. The diameter of each circle is proportional to the 

average frequency of the top 100 clones in that tissue; line thickness is proportional to the Morisita 

overlap index between populations within the two connecting tissue sites; and specific networks 

of overlap for groups of tissues are indicated by color. BL, blood; BM, bone marrow; IN, inguinal 

lymph node; JE, jejunum; LG, lung; LN, lung lymph node; MN, mesenteric lymph node; SK, skin; 

SP, spleen. 

 

CD4+T cells in 2/4 donors, with the other two donors showing extensive sharing between BM and 

spleen (Figure 3.4c). By contrast, skin and jejunum T cells showed negligible overlap with other 

sites for CD4+T cells (all donors) and CD8+T cells (3/4 donors), except for overlap with their 

associated lymph node in some donors (Figure 3.4c). A proportion of CD8+T cells in the oldest 

donor (D492) showed extensive overlap in all sites (Figure 3.4c), consistent with the presence of 

increased TEMRA cells with ageða largely circulating subset311. This overlap analysis reveals that 

CD4+T cell clones are less disseminated and more site-specific compared to CD8+T cells and that 

T cells in barrier sites are more clonally segregated from T cells in blood-rich and lymphoid sites.  
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Figure 3.5: TRBV and TRBJ gene usage of CD4+ and CD8+ T cell clones across multiple 

tissue sites and donors. 

Heatmaps show TRBV usage by site and donor for CD4+ T cells (a) and CD8+ T cells (b) and TRBJ 

usage by site and donor for CD4+ T cells (c) and CD8+ T cells (d). Donor and tissue are indicated 

by color bars above each heatmap. Color intensity of each cell is based on column z-score and 

indicated by the color key accompanying each heatmap. Each unique clone is counted once per 

donor. 

 

 

 

 

 

 

Figure 3.6: Clonal expansion of CD4+ and CD8+ T cells across sites. 

Combined frequency of top 100 clones among CD4+ and CD8+ T cells from nine tissue sites. The 

height of each bar represents mean frequencies averaged across four donors. Statistical 

significance was calculated using two-way repeated measures ANOVA matched by donor for each 

tissue and CD4+/CD8+ subset and comparing each subset with the other subset in that tissue, 

followed by Sidakôs multiple comparisons test and indicated by ****, p Ò 0.0001; ***, p Ò 0.001; 

*, p Ò 0.05. Error bars represent standard deviation. (n = 4 independent human donors from each 

site). For raw data and individual p-values, see source data. 

 



130 

 

 

 

 



131 

 

 

 

Figure 3.7: Clone tracking plots for individual donors. 

Clone tracking plots illustrating overlap of top 20 clones within tissues or tissue grouping across 

nine tissue sites from donors D461 (top), D466 (bottom left), and D492 (bottom right), as presented 

in Figure 3.4. Height of each bar indicates fraction of the top 20 clones within each tissue site. 

Each color represents a unique clone tracked across all tissue sites. 

 

Clone tracking plots of the top 20 clones within barrier or other sites provides additional 

insight into clonal maintenance and/or migration. Abundant CD4+ and CD8+T cell clones 

identified within barrier sites are mostly confined to that site for jejunum and skin, while clones 

abundant in the lungs are shared with lymphoid and blood-rich sites (Figure 3.4c,d; Figure 3.7).  

The most expanded clones in the jejunum or skin exhibited variable overlap with other sites in 

some donors, which was not associated with age or EBV/CMV serostatus (Figure 3.4d; Figure 3.7; 

Table 3.1). By integrating clonal overlap and expansion, we generated a model of CD4+ and CD8+ 

clonal networks across human organs and circulation showing major connections among clones in 

lungs, blood, BM, and spleen, relative segregation of clones in skin and intestines together with 

their associated lymph node, and greater dissemination of CD8+ compared to CD4+T cells (Figure 

3.4e).  

Site-specific profiles for barrier site TRM by scRNA-seq 

To integrate analysis of tissue specificity with clonal origin, we performed single-cell 

transcriptome profiling by scRNA-seq with paired TCR (TRB and TRA) sequencing of CD3+T 

cells from 8 sites of two donors (Table 3.1). Clustering analysis based on highly variable genes 

resulted in 43 clusters that were manually grouped by average expression of marker genes into 

eight known T cell subsets for CD4+ and CD8+ lineages (Figure 3.8a,b; Figure 3.9). Subset 

composition and their tissue distribution were consistent between the two donors (Figure 3.8a,c).  
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Figure 3.8: Single-cell transcriptome profiling reveals subset- and tissue-specific signatures 

for T cells. 

Total (CD3+) T cells were isolated from nine sites of two donors for 5ǋ single-cell RNA sequencing 

(scRNA-seq). a, UMAP embedding of scRNA-seq data based on highly variable genes and 

integrated across donor, colored by T cell subset (left). The proportion of T cell subsets in each 

tissue for each donor is depicted in a stacked bar chart (right). b, Clustered heatmap displaying 

normalized log-transformed expression of selected markers that were used to inform cluster and 

subset annotation. Marker genes are annotated by functional groups. c, UMAP embedding as in a, 

colored by donor (left) or tissue (right) of origin. TCM, central memory T cell; TFH, follicular helper 

T cell; TRM, tissue-resident memory T cell; Treg, regulatory T cell; TEM, effector memory T cell; 

TEMRA, terminally differentiated effector memory T cell; MAIT, mucosal-associated invariant T 

cell; BL, blood; IN, inguinal lymph node; JE, jejunum; LG, lung; LN, lung lymph node; MN, 

mesenteric lymph node; SK, skin; SP, spleen. 
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Figure 3.9: Scaled gene expression by T cells as measured by scRNA-seq. 

UMAP embeddings as in Figure 3.8 colored by Leiden clusters (top left), expression of selected 

gene markers as indicated which were used in annotation of clusters (Rows 1-7), and by MAIT 

evidence (bottom right plot). Color intensity on the gene expression plots is based on scaled log 

(normalized count per ten thousand (CP10k)+1) for each marker. MAIT evidence indicates 

whether scTCR-Seq revealed TRA gene usage, TRB gene usage, CDR3 sequence (junction) aligned 

to a database of known MAIT clones, a combination of these factors, or none (No MAIT evidence). 

Events lacking paired scTCR data are not plotted. 

 

Naïve CD4+ and CD8+T cells expressing the stem cell factor TCF7369, SELL, and CCR7 localized 

primarily in the blood, spleen, BM, and lymph nodes (Figure 3.8a,b). CD4+ subsets included Tregs 

expressing FOXP3, TIGIT, CTLA4, and IL2RA in the lung, skin, and lymph nodes, and TCM/TFH 

subsets expressing TCF7, PDCD1 and CXCR5 in lymph nodes and spleen (Figure 3.8a,b; Figure 

3.9). TEM/TEMRA (CCL5, NKG7, GZMB, PRF1) cells were enriched in blood-rich sites and lungs 

and were predominantly CD8+ (Figure 3.8a,b; Figure 3.9). Clusters dominated by CD8+ mucosal-

associated invariant T (MAIT) cells identified by expression of TRAV1-2, SLC4A10, and KLRB1370 

were primarily localized to blood, BM, spleen, and lung (Figure 3.8a,b; Figure 3.9). CD4+ and 

CD8+TRM defined by expression of residency markers (ITGA1, ITGAE, VIM, CXCR6)296,356 

localized primarily in the lung, jejunum, and skin (Figure 3.8a,b; Figure 3.9). A distinct cluster 

designated ñCycling TRMò expressed TRM and proliferation-associated genes (MKI67, PCNA, 

TOP2A, CDK1) and was enriched in the lungs (Figure 3.8a,b; Figure 3.9). Overall, the tissue 

distribution of T cell subsets was similar to that identified in different donors by CyTOF (Figure 

3.1) and confirms that distinct clustering of T cells in barrier sites is largely due to TRM. 

We examined the basis for TRM segregation by differential expression analysis between 

barrier site-specific TRM and other T cells from all sites (Figure 3.10a), revealing upregulated 

expression of tissue-associated genes specific to one, two, or all barrier sites (Figure 3.10b-g).  
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