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Abstract

Integrative systems analysistbe influence ofissuenicheson human immune cells

Daniel P. Caron

A preponderance of the bodyds | mmuather cel | s
thanin circulation. Murine models suggest the tissue microenvironntivies tissuespecific
molecular profilesn immune cells; bwever,the restricted availabilityof healthy human tissue
samples for research has limited our understanding ofvaaaus lineages and subsetdiafman
immune cells are impacted by their tissue contéxése, weemploya systems approach to profile
RNA, surface proteimnd immune recept@xpressiorof >1.5 million immunecellsisolated from
human organ donor blood, lymphoid tissues, and mucosal batd&rgy these data, we define
transcriptomic signatures of tisstesidency, identify tissuend subsespecific trends with age,
andprobe hypotheses regarding hasstieresidentpopulations are maintained throughout life.

While transcriptomic data has proven invaluable for relatively unbiased profiling of
heterogeneouesellular statestranscriptomic profilegannotalways delineatéhe immunological
subsets defined bglecades oburfaceproteome profiling Multimodal sequencing technolgg
such asCellular Indexing of Transcriptomes and Epitod€dTE)-seq enables simultaneous
profiling of singlecell transcriptomes and surface proteonoéfering potential to greatly improve
cell type annotation accuracy. Here, we propose and evaluate algorithmic advancebunts in
correction (landmark registrationand jointclassification (Multi-Modal Classifier Hierarchy;
MMoCHi) of these datatogetherfacilitating accurategranularannotation of immune subsets,
such agliscriminating CD4 and CD8 memoryT cell subsets, various populations of cytotoxic

lymphocytes, andare subsets of dendritic cells



We next explored molecular signatures associated with tisgeeific populations to
understand the impacts of tissue on human immune €ails highquality annotatiorallowed us
to distinguishbetweenmolecular programsinderlying tissueadaptation in mmune cellsand
tissuedifferences brought about by shifts in immune subset compositieridentify signatures
of tissueresidency affecting expression of adhesion molecules, metabolism pathways, as well as
soluble mediators and receptors of immune signaBygelating these tissugpecific signatures
across these diverse immune lineages (T cells, NK cells, ILCs, B cells, macrophagest etc.),
specific subsets (e.g., memory T cell subseishespecific populations of macrophagese
identify broady sharedmolecular programsuggestive ofconservedregulatory mechanisms
driving tissuespecific processeé\s a consequence of this tissugsidency, we identified thatje:
associated effects were manifested in spetiifeages and sitess revealed by macrophages in
mucosal sites, B cells in lymphoid organs, and specific T and NK cell subsets across blood and
tissues.

Finally, inaddition to evaluating these molecular signatures, we also levaragedular
profiling andimmunereceptor sequencing to understand maintenanweoahajor tissugesident
immune lineages, macrophages and T c&limmining macrophage heterogeneityissueswe
identify evidence for a dynamic equilibrium of monoeyplenishment and selénewal at
homeostasisl cell compartmentalization across tissuelicated thatocalized expansion arid
situ differentiation of resident memory T Itsubsetsoccur upon antigen encounter barrier
tissues.

Together, ar results reveal tissegpecific signatures of immune homeostasis throughout
the body, providing a molecular basis farmune variation from which tobetter understand

immune pathologies across the human lifespan.



Table of Contents

TaDIE Of CONTENTS. ...ttt e e et e e L.
LIST OF FIQUIES......eeiitiieieee ettt ettt e e e e e e et e e e e IV
[ o B 1= o] = PP PPPPPPPPPPP Xi
LiSt Of ADDIEVIATIONS. .....coi i et e e eeer e e e e e Xiii
ACKNOWIEAGMENTS. ...ttt enee e XVii
[D7=To [[or=1 1 o] o PP PP TRTPPPPPPR XX
Chapter 1 1 INTrOUCTION........coo i eeee e e e e e e e e e enere e e e e e e eees 1
1.1 IMMUNE SYSTEM OVEIVIEW......uuuuiiiiitiieieeeeeeeaesstttseeeseeeeeeeeeeeeeesememreeeeeeeeeaaaeaeeaasasssaans 1
1.2 Organs and tissues of the IMMUuNE SYSIEIML..........oooiiiiiiiiicce e 5
1.3 Cellular and molecular cues for tissue resSidency.............ccccuuvimmmrsinnnciieviinnnne 20
1.4 AN aging iIMMUNE SYSTEIML......uuuiiiiiiiiiiiiiee ettt et e e e e e e e e e e e e s e e e e e e e e e e e s 30

15 Approaching i mmun.ol.o.g.y...as...a..0s.y.s.t.e.B8®

1.6 Experimental profiling at the singlgell 1evel.............c s 37
1.7 Applying algorithms to address biological questians...............ccevvvieeeriiiiiinnnnee. 43
1.8  ThESIS ODJECHVES. .. ..ot e e e e e e e e e e e e e s amme e e e e ns 53
Chapter 2 : Materials and MethQdS...........ccoooiiiiiiiieer e 57
2.1 Acquisition and processing of human tissue and blood samples....................... 57
2.2 Experimental details specific to Chapter.3..........ooooiiiiiiiceeii s 62
2.3 Experimental details specific to Chapterd..........ooooviiiiiceeiii e 68
2.4 Experimental details specific to Chapterb...........ocooviiiiiceeii s 70
2.5 Experimental details specific to Chapter.6...........cooovviiiiiiceeiii e 73



2.6  Alignment and preprocessing of sequencing libraries..............ccccvccevvvveveininns 74

2.7 Analyses specific to0 Chapter.3.......ccooo i iei e eeeeeee e 76
2.8  Analyses sSpecific t0 Chapter.d.......cccooiieeieiiiiieeeee e 80
2.9 Analyses specific to0 Chapter.B.......cccooiii i 91
2.10  Analyses SpecCific t0 Chapter.B.......cccoeviiiiiieeeiiieecec e 110

Chapter 3 : Tissue adaptation and clonal segregation of human memory T cells in barrier sites

........................................................................................................................................ 113
G 200 R 111 0T ¥ Tod 1 o o T 114
3.2 RESUIS ... e ennn e e e e e aaes 116
G TR T I 1S o1 1 1S (0] o O UPRURR 147

Chapter 4 : Multimodal hierarchical classification of C{3&g data delineates immune cell states

ACroSS lINEAJES ANU LISSUBS.......coiiiiiiiiietirres bbbttt eeeet e e e e e e e e e e e e e e e e e s s e e eeas 150
T YU [ 01 0 1 = Y PP 150
4.2 MOUIVALION. ..ottt ettt e eea et e e e e e s st et e e e e s rmmn s nnn e e e e e eaas 151
R S 1 1 oo [FTo{ 1 o] o APPSR RPP TP 151
A4 RESUIS....coiiiiiie et e e e 154
4.5 Algorithmic design detailS..........coooiiiiiiiiiiieee e 205
4.6 DISCUSSION...cciiiiitiiiie et ettt ieeet et e e ettt e e e e ek e eea s et e e e e e e ab b b e e e e e e e s ammesannnreeeeeeaas 210

Chapter 5 : Multimodal profiling reveals tissdeected signatures of human immune cells altered

LT = T T PSPPI 215
L T% N [ 01 (o Yo [ U T3 (0] o AT 216
L2 = LY U] | £ 218



TR T B 1 1ol 1] (o] o TR 264

Chapter 6 : Maintenance of human macrophage tissue identity and plasticity during acute

[0T0] F= T 2 1o o 1SR 271
6.1 INTrOQUCTION.......uuiiiiiiiiiiiee ettt e e e e 272
6.2 RESUILS. ..ot aee— et e e e e e e e e e e e as 274
6.3 DUSCUSSION....ceiiiiiiieeie e e eenea e e 293

Chapter 7 : CONCIUSION........uuiiiiiiiiiii e 297

RETEIEINCES. ...ttt mnee e e s 301

Appendix A : ADTnorm achieves robust integration of singdd protein measurement across

CITE-SEQ UALASELS .. ..ottt e eee bbbt eeeet bbb et e e e et et e e e e e e e e e s ammme e e e e e e eeeaeaeeens 346
N0 R 1 To [F o3 1 o] o NPT PP P PPURTPPPPPPPPPPIN 347
A.2 Algorithm design and methodological detalils...............cccccciiiicccreveviviiiiccceee . 350
A3 RESUIS ..o 372
A4 DISCUSSION. ...ciiiiiiiiiitt it e e eee ettt e e e e ettt e e e e s ammee st e et e e e e e bbb e e e s emmmt e e e e e nnbneeeas 415

Appendix B : Data and Code Availability.............cccoooiiiiiiiieeeiccie e 417
B.1 Resource availability related to Chapter.3...........coooeiiiiiiiieeeie e 417
B.2 Resource availability related to Chapter.d...........cooooiiiiiiiieeeie e 417
B.3 Resource availability related to Chapter.5............cooooiiiicceiii e 418
B.4 Resource availability related to Chapter.6..............cooooviiicceiiiieee e 418
B.5 Resource availability related to APPendiX.A.........uiiiiiiiiiii e 418

Appendix C : ACCEPLEA ADSITACLS........uuuuiiiiiiiiiii ettt 420

Appendix D : Abstracts of Contributing Author ManuscCripts...........ccccuvvvviiimeeniiiiiennee. 426



List of Figures

Figure 1.1: The development of immune lineages through embryogenesis and hematapéiesis

Figure 1.2: Entry of immune CellS iNtO tISSUE.........evviiiiiiiiiiieeeeeiire e 8
Figure 1.3 Unique requirements for immune cells across tiSSUeS...........cccoovvvviccceeeeeeenn. 10
Figure 1.4: Immune cell distribution 8CroSS lISSUES.......ccviiiiiiiiiiiie e 21
Figure 1.5: Example roles for chemoattractants in diverse tiSSUES............ccccccveeeeeeniinn, 24
Figure 1.6: Paired profiling of surface proteome and transcriptome of single.cells......... 42

Figure 1.7: Example preprocessing steps and downstream analyses efalindgeasets......46
Figure 2.1 Gating strategy for T cell isolation by FACS..........oooiiiie 64

Figure 3.1: Sitespecific T cell subset distribution in human barrier and lymphoid tissue$18

Figure 3.2: T cell subsets across sites as measured by CyTQOF-............ooooiiiiceeeeiiiinns 120
Figure 3.3: T cell subset distribution across tissues and between danats.................... 122
Figure 3.4: Distinct clonal connections define T cells in barrier sites................ccvveeeenn. 127

Figure 3.5:TRBVand TRBJgene usage of CD4nd CD8 T cell clones across multiple tissue

SILES AN HONOIS......co it eeea bbbttt e ettt et e e e s amee e e e et e e e e e aaeeeeeeas 129
Figure 3.6: Clonal expansion of CDdnd CD8 T cells across SiteS.........cccceevvvveesiuinenen. 129
Figure 3.7: Clone tracking plots for individual dONQIS............ccooviiiiiiieeciie 131

Figure 3.8: Singlesell transcriptome profiling reveals subsand tissuespecific signatures for T

0 ]| 132
Figure 3.9: Scaled gene expression by T cells as measured by seERINA...............ccoe 134
Figure 3.10: kwm in barrier sites exhibit sitepecific gene signatures.............ccccuvvvveveeeenns 136



Figure 3.11: Expression of top shared and unique genes in barrgpediéic signatures....138

Figure 3.12: Transcriptional heterogeneity of SKHMT..........ccccuvviiiiiiiiiiieeniiiiiieeeeeeeeeeeeen 140

Figure 3.13: Differential clonal expansion associated with T cell subset, tissue, and functional
(07 10T 1 | PP 142

Figure 3.14: Effector function of expanded vs. unexpan@®dlEvra clones..................... 144

Figure 3.15: Ew and Temra clones are disseminated, whilenl clones exhibit localized
(23O T= 1 £ [ o T 145

Figure 3.16: Clonal connections across tissues and subsets determined by normalizing cell
NUMDEIS GICTOSS SIEES......eeiiiiieiiiiiieeeeeeet e e e s ekttt e et e e e s e bbb eeanre e e e e e s e e s bbe e e e e e e s aasbmemssbrneeeeeeaans 146

Figure 4.1: Schematic showing general workflow of MMOCHI...............ooovviiieeeeennnn, 156

Figure 4.2: MMoCHi classification of préefined T cell subsets outperforms other annotation
(40111 010 KOO PP PP UPUPPPPPPURPI 158

Figure 4.3:Generation and analysis of MMoCHi validation dataset................c..oceeeeenns 161

Figure 4.4MMoCHi is robust to automatic thresholds and hyperparameter optimizatioh64

Figure 4.5MMoCHi benchmarked against other variations and controls....................... 166

Figure 4.6: Landmark registration integrates ADT expression and allows for consistent
L4122 4T (o {1 T PSSP 170

Figure 4.7MMoCHi classification applied to human immune cells from blood and diverse tissue

] 1L PSPPSR 173
Figure 4.8: Performance of MMoCHIi classification in organ donor dataset................... 178
Figure 4.9 MMoCHi classifies cell types across donQr..............ccceeeeevvvieemeeeeiiiie e, 179

Figure 4.10: MMoCHiclassified human immune cells better reflect expected marker expression

0= 1 (=T P 181



Figure 4.11: Manual annotation of Leiden clusters by marker gene and protein expresksan.
Figure 4.12: Marker gene and protein expression on manually annotated and MMoCHi classified
0107 o101 F= U1 o =R 184

Figure 4.13: Prérained MMoCHi classifiers effectively annotate new data.................... 187

Figure 4.14: Interpretation of MMoCHi random forests using feature importances reveal immune
CEll lINEAGE MAIKEIS......cce ettt s et e e e e e e e e e e e e e e e e anaeeaeaaeeeeaeaees 188

Figure 4.15: MMoCHi reveals additional transcript markers distinguishing naive and central
MEMOTY T CIIS ... e 190

Figure 4.16: MMoCHi applied to other multimodal datasets.............cccceovvieeeeiieiieeeeee, 193

Figure 4.17: Marker gene and protein expression on manually annotated and MMoCHi classified
107 o101 F= U1 o 1= 196

Figure 4.18Ma n u a | annotati on o fexptessiom.e.n....c.l..u.s.1187r s by

Figure 4.19: MMoCHiclassified Xenium lymph node and breast cancer cells better reflect

expected Marker EXPrESSIQN..........ccciiiiii i eeee e e e eeeee et mmmr e e e eeeeees e e e e e e e emennes 203
Figure 5.1 A multlineage human immune cell atlas across tissues and.age................. 219
Figure 5.2 Additional tissues (excluded) and covariates in the dataset......................... 222
Figure 5.3 MMOoCHIi classifier hierarChy..............cccooviiiiieen e 223
Figure 5.4 Heterogeneity and tissue distribution of immune cells across tissues.......... 230
Figure 5.5 T cell clonality is cell type and tissue SpecCifiC.............ccceevvviiieeeiii e, 231

Figure 5.6 Multimodal classification improves discrimination of CD4 and CD8 T cells..232
Figure 5.7 Somatic hypermutation and clonal expansion in plasma cells and plasmabiafs.
Figure 5.8 Tissuspecific subset composition for each lineage............c.ocoovviiennnn. 237

Figure 5.9 Manual annotation of T cell populations identified by the MMoCHi classifie238

Vi



Figure 5.10 Manual annotation of immune subsets identified by the MMoCHi classifieR39

Figure 5.11 Leveraging our annotation tearenotate a Lung Cell Atlas using pop\......... 240
Figure 5.12 Tissue localization is a major determinant of immune cell identity............. 242
Figure 5.13 Tissue signatures across immune cell SUbsets...........ccccovvvveeeeiieee e 244
Figure 5.14 Ceexpression programs across immune lineages in tiSSUes...................... 246
Figure 5.15Tissuespecific signatures of resident immune cell subsets.......................... 248
Figure 5.16 Immune aging by lineage, subset, and tisSSUe..............coevvieeeeeiiiee e, 251
Figure 5.17Signatures of immune aging across tissues and subsets............ccooeeeeeeenenes 252

Figure 5.18 Aging signatures for lymphocytes and independent cohort validations......255

Figure 5.19 Immune aging in adaptive lymphocytes across tiSSUes...........cccceevveeeeenn... 256
Figure 5.20 Interrogation of HL8 Pathway genes in Human Immune Health Atlas......... 258
Figure 5.21 Effect of CMV serostatus on cell composition and aging factors................ 260
Figure 5.22 Tissudependent signature of aging in CDHEcells.............ccooeevveeeeeeiiceeeeneee, 261
Figure 5.23 MrVI modules of agessociated changes in CDRcells.............ccooeevvvveeeennee. 263
Figure 6.1 Diverse populations of macrophages exist within human tissues................. 275

Figure 6.2 Clustering analysis reveals macrophage, but not monocyte, heterogeneity within each
ST U LI | (TP PP PP UPUPPPPPPPRIN 277

Figure 6.3 Gene and protein marker expression support macrophage subset delineat®r8

Figure 6.4 Tissuspecific adaptations in human macrophages drive distinct profiles....283

Figure 6.5 Human macrophages are tissdapted, with specific transcriptomes and surface
0101 =T 0] 0 0151 PPN 284

Figure 6.6 Macrophages maintain tissue identity during acute polarization................... 288

vii



Figure 6.7 Sort, annotation, and differential expressioexo¥ivo stimulated monocytes and

L= Yo 0] o 1 =T =PSRRI 291

Figure 6.8 Cytokine production lex vivopolarized monocytes and macrophages reveals reduced
proinflammatory cytoKines in INTESHINE............ooviiiiiiiieee s 293

Figure A.1 Protein landmark definitions and the R shiny interactive graphical user interface to
manually adjust landmark l0CatiQNS........cccceiiiieiiiii e 349

Figure A.2 ADTnorm normalization model, function and performance.................ccc.uc... 353

Figure A.3 Cell type manual gating by two immunologists using FlowJo across 13 public datasets

Figure A.4 UMAP comparison of normalization methods using each study as one .bat861

Figure A.5 UMAP comparison of normalization methods using each sample as one.b8&h
Figure A.6 R shiny interactive graphical user interface to manually adjust landmark lo8&dons
Figure A.7 RNA component integration across studies and the evaluation after weighted nearest
neighbor integration of RNA and protein.................uviiiiiccciiieeeeeese e 366

Figure A.8 Evaluation of the batch correction and cell type separation performance....372

Figure A.9 Cell type composition across 13 public datasets............cccvvvvieemeieeiiieeeiiinnnns 375

Figure A.10 The batch correction after weighted nearest neighbor integration of RNA and
normalized ADT counts by ADTnorm and other methods in comparison..................... 378

Figure A.11 Artifact introduced during the normalization leading to abnormal CD19 values in
10X Malt_LOK ALASEL........cciiiiiiii et e e emmr et e e e e et e e e e e e rnnneeearaa s 380

Figure A.12 Artifact introduced during the normalization leading to abnormal CD19 values

compared across cell types in 10X_pbmc_10k dataset..............cccvvieeeeeiiiiiiiiceveeiiin. 382

viii



Figure A.13Artifact introduced during the normalization leading to abnormal CD4 values
compared across cell types in 10X_malt_10k dataset...........cccovvvvviemmeeiieeveeeeiiiiins 384

Figure A.14 Autegating performance on the 13 public datasets..........ccccccvvvvieeeeeennneee. 386

Figure A.15 ADTnorm application to antibody titration determination and CGMDrelated
QISEASE STUAY......cceeeeeiieieeeeee oo se e e e e e e e e e e e emnnss e e e e e e e e eaaeeeeees 388

Figure A.16 Titration experiments integration across four antibody concentration.level390

Figure A.17 Protein ADTnorm rescued the low antibody concentration markers to reinforce the
separation between positive and negative populations.................uvviceeeeieeeeeeiiiiiiins 393

Figure A.18 Density distribution and the staining quality of protein markers that failed to profile
POSItIVE POPUIALIONS... ..o errer s e e e e e e e e e e e e e e e s aennreaaaeeeaeeeeens 395

Figure A.19 Autegating for cell type annotation on the titration experiments................. 397

Figure A.20 Comparison of protein staining qualities across three research institutes for each
[OL 1 C=T I = 14 = OO 399

Figure A.21 Protein marker stain quality comparison across three research institutes where
COVID-19 data were COlleCted............cccvriiieiiiicceiiciiiieeeeeeiiieecceeee e 400

Figure A.22 UMAP visualization of Arcsinh, CLR, Harmony and DSB normalization on the ADT
counts from the COVIELD StUAY........uuiiiiiii e 402

Figure A.23 Weighted nearest neighbor integration of RPCA aggregated RNA and ADTnorm
normalized protein data from the COMVADD Study........cooeeeiiiiieiiiiiiiiieeeee e 404

Figure A.24 Differential detection compared between healthy donor and GOY/fatients406

Figure A.25 CD169 cell surface protein density distributians................cccooveemeiiiiiiennn. 408

Figure A.26 Density distribution of protein markers recommended by ADTnorm based on the

antibody titration pilot study but not selected by the original publication.......................: 409



Figure A.27 Application of ADTnorm in the analysis of human hematopoietic progenitor study
........................................................................................................................................ 411
Figure A.28 Comparison of ADTnorm with other normalization methods for batch correction and

cell state marker proteins investigation in the hematopoietic progenitor.study.............. 413



List of Tables

Table 1.1 Human immune Cell lIN@AgES..........ccvvvviiiiiiiiieereeeeee e B
Table 1.2 Functional polarizations T cells during activatian.............ccccoevveeeeeii e, 16
Table 1.3 Memory subsets of adaptive immune cellS..............ooooiiicc e 18
Table 1.4 Common animal models for immunological research...............cccvevvevvveennnns 36

Table 1.5 Sources of human samples for immunology research (adapted from Farber, 2D21)

Table 2.1 CyTOF antibody panel............cooiiiiiiiieen e ean 63
Table 2.2 T cell sort FACS panel (related to Chapter.3).......ccccovviiiiiiieeeiieeeee 65
Table 2.3 Bl OMED2 Pri mer s..(.Vb..mix)...(r.eb6éated t
Table 2.4 Bl OMED2 Pri mer s...(.J.bh...mi.x)...(.r.eb7at ed t
Table 2.5Panel for FACS of T cell memory subsets (related to Chapter.4)..................... 70
Table 2.6 FACS panel for monocyte and macrophage sarting.........cccccoeeeveeeeveeiieeeeeeenn. 74
Table 2.7 Garnett definitions (related to Chapter.4).........cccuvveiiiiieeeiiiiiiiiiiieeeeeeee e 84
Table 2.8 Insufficient availability Of SEM.. . ..eeiveeveiiiiie e 91
Table 3.1 DONOT INTOMMIATION.. .....uuuiiiiiiiiiii ittt rmmne e eeeeas 116
Table 3.2 Bulk TCR sequencing metadata.............c..uuvueeiimerriiiiiiiiiiiiieeeeee e eeeseeeeeeeeeees 123
Table 3.3 SCTCReq MetadataL..........cccciiiiiiiiiiieee e e e e e e e e e 124
Table 4.1 DONOT INTOMMIATION.. ... .uueiiiiieiiiiii ettt rmmne e bbb eeeeas 159
Table 4.2 Sort purity of T cell memory SUDSELS............cevvveeiiiireeeeeeiee e 159
Table 4.3 MMoCHi hierarchy (FACS definitionNS).........cooeviiiiiiiiiiicce e 161
Table 4.4 MMoCHi hierarchy to evaluate landmark registration................cccccvceeeeeeinnnns 170
Table 4.5 MMoCHIi hierarchy organ donQr..............cuuuuueriimemniiiiiiiie e 173
Table 4.6 MMOCHI hierarChy ADSEQ..........uuuuiiiiiiiiiiiieeeiiie i 193



Table 4.7 MMoCHi hierarchy glioma............coooviiiiiiiiier e 199

Table 4.8 MMoCHi hierarchy Xenium LN...........cccooiiiiiiiiiiiceer e 199
Table 4.9 MMoCHi hierarchy Xenium Breast CancCer..............c.uuvvvvvimeeeeeeeeeeviiininnnnns 204
Table 5.1 DONOI MELATALA..........coiiuiiiiiiee et e e 220
Table 5.2 MMOCHI hIEIrarChy...........oovvuiiiiiiis e errs e e e e e e e e e e e e eeeaeees 223
Table 6.1 DONOI MELATALA..........cciiiiiiiiie e ecee st 280
Table A.1 Summary of public CITFEeq datasets...............ooevvvvviiiicccreieeeeeeee e 351
Table A.2 Manual gating Strategy......cccoeeeeee i iieeeeee e 355
Table A.3 Summary of implementation of 14 existing methods..............ccccccvvccvvvveinnnns 355

Xii



List of Abbreviations

Abbreviation Meaning

Ab-seq Antibody sequencing

ACK lysis buffer | Ammoniumchloride-potassiumysis buffer
ADT Antibody-derived tag

ALCAM Activated leukocyte cell adhesion molecule
ANOVA Analysis of variance

APC Antigen presenting cell

AREG Amphiregulin

ARI Adjustedrand index

ASW Average silhouette width

ATAC-seq Assay forTransposaséccessible Chromatin by sequencing
AUC Area under the curve

BAL Bronchoalveolar lavage

BCR B cell receptor

BL; BLD; BLO Blood

BLIMP-1 B lymphocyteinduced maturation protein
BM; BMA Bone marrow

Bmewm Memory B cell

Bn Naive B cell

Brm Tissue resident memory B cell

CAF Cancer associated fibroblast

Canc Cancer

cDC Conventional dendritic cell

CDR3 Complementarity determining region 3
CEL Colon epithelial layer

CITE-seq Cellular indexing of transcripts and epitopessieguencing
CLP Colon lamina propria

CLR C-type lectin receptor

CLR normalization| Centered Log Ratio

CMV Cytomegalovirus

CP1k Counts per 10 thousand

CSF Colony stimulating factor

CyTOF Cytometry by time of flight

DC Dendritic cell

DE Differential expression

DEG Differentially expressed genes

DNAM-1 DNAX Accessory Molecule 1

dsb normalization | Denoised and scaled by background
eBayes Empirical Bayes

EBV EpsteinBarr Virus

EDTA Ethylenediaminetetraacetic acid

Eff Effector

EL Epithelial layer

FACS Fluorescentlyactivated cell sorting

Xiii



FBS Fetal bovine serum

FC Fold change

FcR Fc receptor

FDR False discovery rate

FR2 Framework region 2

Freq Frequency

GC Germinal center

GEX Gene expression

GM-CSF Granulocyte/Macrophag€olony stimulating factor
GO Gene ontology

GSEA Gene set enrichment analysis

GUI Graphical user interface

GzmB Gramzyme B

GzmK Gramzyme K

HSC Hematopoietic stem cell

HTO Hashtag oligo

HVGs Highly variable genes

ICAM Intracellular adhesion molecule

IFN Interferon

Ig Immunoglobulin

ILC Innate lymphoid cell

ILN; IN Inguinal lymph node

IMDM Iscove's Modified Dulbecco's Medium
IRB Internal Review Board

JBJ; JE Jejunum

JEL Jejunum epithelial layer

JLP Jejunum lamina propria

Leiden OC Leiden over clustering

Ifc Logo(fold change)

LISI Local inverse Simpsondés i ndex
LIV Liver

LLN; LN Lung lymph node

LMM Linear mixed modeling

LN Lymph node

LNG; LG Lung

LP Lamina propria

LPS Lipopolysaccharide

LXR-U Liver X receptor U
Mac Macrophage

MACAM1 Mucosal Addressin cell adhesion molecule 1
MAIT cell Mucosatassociated invariant T cell
Mem Memory

MHC Major histocompatibility complex
MLN; MN Mesenteric lymph node

MMoCHi Multimodal classifier hierarchy

Xiv



MNC Mononuclear cell

MNN Mutual nearest neighbors

mo-DC Monocytederived dendritic cell

MOFA Multi-Omics Factor analysis

MoMac Monocytes and macrophages

Mono. Monocyte

MRNA Messenger RNA

mrVI Multi-resolution variational inference

multiVI Integration of multimodal& singlemodality datdy variational inference
MV Majority voting

M 0 Macrophage

N/CM Naive/central memory

NETs Neutrophil extracellular traps

NK cell Natural killer cell

NMF Non-negative matrix factorization

PAMP Pathogerassociated molecular pattern

PAR Lung parenchyma

PBMCs Peripheral blood mononuclear cells

PBS Phosphatduffered saline

PC Principal componenPlasma cell

PCA Principal component analysis

PCR Polymerase chain reaction

pDC Plasmacytoid dendritic cell

peakVl Peakvariationalinference for chromatin accessibility analysis
popV Popular voting algorithm

PPARD Peroxisome proliferatea ct i vat ed receptor 9
PRF1 Perforin 1

Prolif Proliferating

PRR Pattern recognition receptor

PVL Perivasculatike cell

REAP-seq RNA expression and protein sequencing assay
Res Resident

RNA-seq RNA-sequencing

RPCA Reciprocal Principal Component Analysis
RPMI Roswell Park Memorialnstitute 1640 Medium
Runx3 Runtrelated transcription factor 3

RUV Remove unwanted variation

S1P Sphingosinel-phosphate

S1PR Sphingosinel-phosphate receptor

Satl Splatlike transcription factor 1

scCODA singlecell compositional datanalysisframework
SCHPF singlecell Hierarchical Poisson Factorization
ScRNArseq Singlecell RNA-sequencing

scVi Singlecell variational inference

XV



SECANT SEmisupervised method for Clustering, classification, and ANnoTe
of single cell multiomics

SKN; SK Skin

SnRNAseq Singlenucleus RNAsequencing

SH_; SP Spleen

Tc Cytotoxic T cell

TCF1 T cell factor 1

Tcwm Central memory T cell

TCR T cell receptor

Tem Effector memory T cell

TeEMRA Terminally differentiated effector memory T cell
(Effector memory T cell rexpressing CD45RA)

TF Transcription factor

TFH Follicular helper T cell

TGFb Transforming growth factor b

Th Helper T cell

TIGIT T cell immmunoreceptor with Ig and ITIM domains

TLR Toll-like receptor

TmEM Memory T cell

Tn Naive T cell

TNF-U Tumor necrosis factor U

totalVI Total variational inference

TrEG Regulatory T cell

TrM Tissue resident memory T cell

t-SNE t-distributed Stochastic Neighbor Embedding

UMAP Uniform Manifold Approximation Projection

UMI Unigue molecular identifier

VCAM Vascular cell adhesion molecule

VLA-1 Very Late Activation antigen 1

WNN Weighted nearest neighbors

Yrs Years

ZIFA Zero Inflated Factor Analysis

XVi



Acknowledgments

First and foremost, | would like to thank my-advisors, Dr. Donna Farber and Dr. Peter
Sims for providing me with this opportunity to learn and grow as a scientist. They recognized,
maybe even before | did, that my interests lay at the intersectiosioé#pertise and allowed me
to explore and research areas that were new to them. | deeply appreciate the independence you
gave me to pursue my scientific passions, along with the guidance that helped make my research
as impactful as possible. Your trustmy abilities has significantly shaped my confidence as a
scientist, and | am extremely grateful for your unwavering support over the past five years. Beyond
scientific mentorship, your actions demonstrate genuine case dou r  m pensonal grevith
and success, which is why it is no surprise that you have cultivated such supportive lab
environments.

| would also like to thank Dr. Uttiya Basu, Dr. Yufeng Shen, and Dr. Ira Tabas for their
support as members of my thesis committee. Your insights and perspectives have been
instrumental in shaping my scientific journey. | would also like to thank my uratirgte
research advisor at Tufts, Dr. Barry Trimmer, whose passion for science and constant
experimentation always serves to remind me of the excitement in the research journey.

| am profoundly grateful to the organ donors and their families, whose generous gifts
supported every aspect of this research. | would like to acknowledge the coordinators at LiveOnNY
and our dedicated laboratory surgeons: Dr. Masaru Kubota, Dr. Rei Ma#tsubr. Yosuke
Sakamoto, and Dr. Junichi Yoshikawa, for their countless long shifts that provided us with access
to this vital human tissue resource.

| would also like to thank the many, many collaborators who have contributed to this work

and helped me grow as a scientist. Thank you, Dr. Maya Poon, for your guidance when | joined

Xvii



the lab. Thank you, Dr. Nina Lunirgrak, Dr. Yufeng Shen, Dr. Wenzhao Meng, and Dr. Zicheng
Wang for your assistance with TCR sequencing and analysis. Thank you, Dr. Daniel Rainbow, Dr.
Michal Mark, Dr. Can Ergen, and Dr. Ana Raquel Maceiras for our masmémails and Zoom
calls as we navigated the complexities of creating and working with such a large dataset. | also
appreciate David Chen for constructing and preparing libraries for most of the sequencing data in
this thesis. Thank you, Dr. Sarah Teidm, Dr. Joanne Jones, and Dr. Nir Yosef for your
scientific support. | am grateful to Dr. Ye Zheng and Dr. Raphael Gottardo for welcoming me into
the ADTnorm project, where we formalized our ideas about batch correction.

| am also grateful for the endless support | received from members of both the Farber and
Sims labs. Your camaraderie and encouragement were invaluable during challenging times,
whether navigating my research, managing two advisors, or dealing with peifeoriavant to
thank Dr. Ksenia Rybkina, Dr. Nora Lam and Dr. Alex Yang for their guidance as-ygmer
students, and Dr. Joshua Gray, Dr. Isaac Jensen, Dr. Yoonseyidy LBasak Ural, Dr. lomas
Conners, Dr. Start Weisburg,and Dr. Joana Barros s for sharing their wisdom and
technical expertise. | would also like to thank Rebecca Guyer, who always made sure to bring me
the perfect cake for my birthday. -CovimPagepr eci
Ruschke, Dr. Julia DawviBorada, and Dr. Yoonseung Lee for always reminding me to appreciate
t he AFI ner larhthamkusfar Dri Ama Raulaf Delgado, Dr. Tim Olsen, Dr. Katherine
Xu, Dr. José Curto Navarrg Zhouzerui Liu, and Alex Georger always making sure | fie
welcome at Sims lab outinglsam grateful to Steven Wells, Dr. Peter Szabo, Dr. Joshua Gray, and
Dr. Isaac Jensen for lending an ear to my rants, providing guidance, and reminding me to take a
break when | needed it. Lastly, | am grateful to William Specht, a talented undergrdaddatg s

whom | had the pleasure of mentoring, as he has taught me so much in the process as well.

Xvili



| am also extremely thankful for the lifelong friends | have made along the way, both in
and out of lab. Rory Morrise@olvin, Steven Wells, and Dr. Peter Szabo, you have supported me
in more ways than | can count. Together with my-tainfriend® Hamna Shhnawaz, Margot
Chrikjian, Maria Nunez, Olivia Ringham, Carly Lam, Grace Terry, and Taylor Borgman
were always there to check up on me, listen to my thoughts, support me in every way imaginable.
Finally, 1 would like to express my heartfelt gratitude towards my family. My parents
always placed a strong emphasis on education, instilling in me a passion for lifelong learning.
Their unwavering dedication to science has profoundly inspired my catgaey. Thank you to
my two older brothers, Michael and Stephen, and my triplet siblings, Laura and Benjamin, for your
constant support throughout this and every journey. | would also like to express my gratitude
towards my future iawsd Bindu, Shashank,and Sudiksha& for their support and
encouragement as | embark on this new chapter in my life. Most importantly, | would also like to
thank my fiancée, Samyukta Mallick, for your love, encouragement, and belief in me. Your support
has been a guiding lightribughout this process. When | moved to NYC for graduate school, |
never imagined that | would find someone like §det alone in the first week. Starting a family
together with you and Toothless, the black cat you rescued from outside ICRC, has been the
highlight of this journeyl appr eci ate Toothless for all the

to my thesis, antdam incredibly grateful to have you by my side

XiX



Dedication

This dissertation is dedicated to DOAnn Ca
Your gift of organ donation not only aids others but also provides us with invaluable knowledge.

May it pave the way for improved treatments and cures for those in need.

XX



Chapter 1: Introduction

1.1Immune system overview

Throughoutour lives our body is faced with a ne@onstant assault affectious agents
toxic substancesand malignantcells. Upon establishing a foothold within the bodyacteria,
fungi, or virused collectively referred to as pathogénsan disrupt physiological functiorsd
causediseaseSelective pressure oveumdreds of nilions of years hadriventhe evolutionof
cells, proteinsand secreted factots aid infighting these threats, remimg toxins, and repaiing
wounded tissueOur defensesompriseorganlevel barriers tgrevent infectionspecialized cedl
which coordinate killing or cleanup of threagermlineencoded sensors for pathogens or damage,
andevena microcosm oflirected acceleratedvolutionwithin our bodies to adapt to novel threats.
Together, we refer to this multifaceted net wo

Although we depend on itxontinuedfunctionality, our scientific understandingf the
immune system istill a dynamic and rapidly evolving field@he earliestrecordedstudy of
immunity dates back to theés™ century B.C.E.when Thucydideslescribedndividualswho, after
recoveing from plague did not recontract the diseds@hese individuals were thought to be
fii mmuneo ( f inonomistoh emelaantii nhforifiuetherdlimegst Qver the next two
thousand yeargarly attemptsf inducingthisimmunityd by inoculating healthyndividualswith
pathogenic materiél culminated in the development of the first vaccineSthough early
researchwas defined bythe studyof immunity to repeat infectionsthe modern field of

immunologyencompassesany more diverse roles of the immune system



Innate and adaptive immunity

The functions of the immune system carsbgregated inttwo distinct arms: innate and
adaptive immunity. The innate immune systegiies on geneticallgncodedatternrecognition
receptors (PRRs) whichecognize and respond to specifiathogen or damageassociated
molecular patterns (PAMPand DAMPs, respective)§. These receptors, including tdike
receptors (TLRs) and-§/pe lectin receptors (CLRS), are distributed intracellularly and on the cell
surface to sense PAMPs, such as bacterial cell wall componédntgign nucleic acidnateriaf.

In some case)AMP- and PAMP-identificationdepends on the swdellular localization of the
molecules while double strande®NA is present il | | rmudel, o PRRs are carefully
positioned within the cell toaise alarm wheBNA is detected in aberrant cellular compartménts
PRRsare highly expressed on various innate immune lineag#s subsetand tissualependent
expression patterps allowing for contextdlependent responses foreign materials.Upon
activation (e.g. sensing of pathogens through PRR®se innate immune cells can produce
soluble mediatordancluding chemokines and cytokise which act as chemoattractant and
polarization signals, respectively, to coordinate immune responses. Other populations of innate
cellsare primed with chemokine and cytokine receptors to edimgify theseimmune signalsr
effectuate immunity (e.g. by cytotoxicity)

Although this innate immunarmis effective at defense against a broad range of potential
pathogens, it cannot offer complete protection for the host speatb®gens evolve much more
rapidly than the host species they target, al
encoded PRRs (for example by mutating or masking PAM#&sl continue to infect the host

speciesMany vertebrategherefore, engagesecond branch of immune responses: the adaptive
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immune systern Adaptive immune cell§T and B cellshave a unique ability to rearrange their
DNA to create novel immune receptorallowing for detection of novel neself antigef.
Although powerful, lhe recombination, maturation, and activation of these immune receptors
slow process and requires careful regulation to prevent development of autoimmusel{anti
responses Thus, mounting an effectivedaptive immune responsan requiralays to weeks.
Establishing the cellular components of the immune system

Theimmune system is comprised of many specialized g@llectively known as white
blood cells (leukocytesDistinct lineages of immune celfgrimarily mediateeither innateor
adaptive immunity however, interaction between these tim@nchesis essentialfor proper
responsesAdditionally, while the hallmark ofdaptive immune cellare their novel immune
receptors, theyxan also effectuate innate functions through expressid?Réts and cytokine
receptor®. The breadth of immune cell lineagesimarily arisesthrough differentiation of
hematopoietic stem cells (HSCs) in the bone mart@ukocytescan be segregated into several
broad lineageseach composed of many discrete sub§€éble 1.1). Through the process of
hematopoiesis, even a single H&hreplenishall majorimmunelineages as well as many other
essential blood cellsincluding megakaryocytes and red blood ééliEigure 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.

Someimmune cellsmost notably macrophagésM @il have also been shown to arise
in embryonic development prior t8SC maturation(Figure 1.1b). These cellsnitially develop

from primitive erythroidmyeloid progenitors (EMPsi) theembryonicyolk-saé3, and seed into
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Table 1.1 Human immune cell lineages.

Primary
Lineage | Subset localization Primary immune functions
Neutrophil Circulation Inflgmmatlpn, phagocytc_)5|s,
” antimicrobial degranulation
F;" Eosinophil Bone marrow | Anti-parasitic and allergic responses
(&)
% Basophil Circulation Histamine and cytokine degranulation
c .
C | Mast cell (_Zonnectlve Histamine and cytokine degranulation
0] tissue
Monocyte Circulation Inflamma'gory responses, precursors
o to dendritic cells and macrophages
= All peripheral Phagocytosis, antigen presentation
> . . . : ’
S Macrophage tissues sensing PAMPs inflammation
S | Monocyte-derived Tissues and Antigen presentation, cytokine
S | dendritic cell circulation production
k=] Type _1_convent|onal T_|ssues_ and Antigen presentation to CD8* T cells
) dendritic cell circulation
| »w [ i . .
> O Type _2_convent|0nal T_|ssue§ and Antigen presentation to CD4* T cells
=S | A | dendritic cell circulation
Type 1 innate Tissues and Viral i mmuni ty, pr
lymphoid cell circulation and cytotoxic mediators
o | Type 2 innate Tissues and Parasitic and allergic responses,
& | lymphoid cell circulation production of IL-4, IL-5, IL-13
= . . .
9 Type 3 innate Tissues and Extracellular microbial defense,
< . circulation production of IL-17, IL-22,
S | lymphoid cell :
c lymphotoxin
= . . —
2 | Natural killer cell T_|ssue§ and Survel!lance and cytotoxicity towards
@ circulation virally infected or malignant cells
@ | Plasmacytoid Tissues and Intracellular pathogen defense,
£ | dendritic cell circulation production of | FNZQ
- Tissues and Invariant TCR, thought to primarily
o0 T cell . X . - . .
circulation mediate lipid antigen recognition
, - Tissues and MAIT and NKT, antigen presentation
Il nvari ant U . . . . X
circulation of specific bacterial metabolites
CD4+ (helper) T cell T_|ssue§ and Support B cell, cytotoxic T cell, and
circulation macrophage activity.
. Tissues and S . :
P CD8+ (cytotoxic) T cell circulation Cell killing, inflammatory signaling
S . . —
8 | Regulatory T cell Tissues and Immunosuppression, restricting
= circulation autoimmune responses
2 Tissues and Antigen presentation, BCR
Qo B cell . ; . ) :
S| 2 circulation maturation, antibody production
D .
; © | Plasma cell T'ISSUGS. and Antibody production at scale
I m circulation

4



diverse tissues, supportingessentialdevelopmental processes (e.g., synaptic pruning in the
braint4). Upon establishment af leukocyteprogenitor nichen the fetal liver EMPs(and later
HSC3 give rise to the first waves of fetalonocyte&®, which also populate tissuEinally, these
progenitorsmigrate tomaturebone marrow nichg where theyorchestratéeukocyteproduction
in infancy and throughout adultho@figurel.1b). Theembryonic yolksac and fetalderivedM U
populations within tissue are méained either byocal selfrenewal ormonocyte replenishment
establishing tissueesident populations of distinct developmental oragnoss the body.

Adaptive immune cells, on the other hand, reqauniditional maturation stefie ensure
their novelly rearranged immune receptors function properly and can effectively distinguish self
from nonself (to avoid autoimmunit§f) Thus, these celisndergo intensive selective pressime
the bone marrow, thymus, or peripheral tissugbgere stromal and epithelialcells guide
development of their immune recepfb@onsequentlymatureadaptive immune cellsike longer
to populateperipheratissuesduring developmenwith the densityof adaptive T cells increasing
rapidly in both the lung and intestine in the first two years offlife
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 compartméritincluding both lymphoid organs and barrier sites.
Compartmentalization of immune cells across specific organ niches is essential for the immune
systembébs function, and within these niches,
and functionh profilest®. Thus, although sampling healthy human tissue is diffitefit

understanding the impact of tissue on immune cellsvaredversds 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 megayargogthroid
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 embeyesis, an initial wave of
macrophages are produced in the ysdic 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 migratethe bone marrow, where they continue to produce blood cells
through adult life.



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
ti ssues, white blood cells mi ¢giraad lympbatic€ hr ou g !
experience immense shear stress which deforms cells and complicates duasdt iceéractions.

For immune cells to exit circulation, they must first slow themselves down by expressing
glycoprotein receptors known as selectins, which transiently bitigands on endothelial cell
surface to i ndué&dhisnitifitesatascade of éettlibneetacions which can
allow for migration across the endothelial membrane in a process referred to as extrévasation
(Figure 1.2). Many celtcell 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 structiires

Lymphoid organs

Lymphoid organs across the boslgrve two primary functions: directing production and
development of immune cellad facilitating immune cekliell interactions, such as those required
to mount an adaptive immune respofBigure 1.3). Throughoutmostof life, immune cells are
produced by HSCs ithe bone marro?. Following their production, B celprecursorsnigrate
within the bone marrow, while T cgdrecursors travel to the thymusoth undergoing additional
mauration andselective pressuré€s Secondarylymphoid structurege.g, splenicwhite pulp,
Peyer 6 s phaplrodescontaim highly ordereddensely packed clusters of T and B
cells facilitating immune cell interactions and regulating the initiation of adaptive immune
responses. Theselymphoid organsare connectedo the peripheral tissues in the boby a

complex network of lymphatic vess&lsAlthough most secondary lymphoid organs develop
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Selectins Integrins Junction molecules
PSGL1 :: P-selectin a,p, integrin :: MADCAM1 PECAM1 :: PECAM1
s-Le* :: E-selectin a B, (LFA1) :: ICAMA1 JAM-1/2/3 :: JAM-1/2/3
a,B, (VLA4) :: VCAM1 ESAM :: ESAM
e : _ Spreading
Slow ight i
: & crawling  L_transmigration

—Rolling

(D

rolling binding

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, exijgress junction molecules can
allow for transmigration across the endothelium. Example recigéomd pairs are displayed
above each step. For all pairs, the moiety expressed by the leukocyte is displayed on the left side
of the #fA:: 0, sseddbydandotheliahaelis entthe rightx pr e

during embryogenesis, their structure and composition can dynamically change during infection,
and some additional lymphoid tissues (e.g. mueassbciated lymphoid tissue; MALT) develop
after birttf’. In the presence of chronic infection, autoimmunity, or cancer, additional lymphoid
organs, known as tertiary lymphoid structures, can also deé¥elop

Barrier tissues

Barrier tissues, including the skin, gastr

interactions with the environment; simultaneousdycluding microbial pathogens while



facilitating exchange of gas (in lungs)mutriens (in intestine) (Figure1.3). Epithelial cells are
positioned at the bodydés barrier tissues,

free diffusion ofwater, solutes, macromolecules, or micréheSpecialized epithelial cells allow

for controlledexchange; for example, to enable gas exchange with local capillaries, type | alveolar

epithelial cellstake on a flat morphology to reduce theladwod barrier, while type Il alveolar
epithelial cellsmodulate levels oélveolar fluid andsurfactant(a surface filmlayer)to capture
and dissolvegase®. To mediate protection from microbial pathogeepithelial cells are
supported by intraepithelial immune cells, such as macrophages or lymphgnggmned
directly at these barnig®®. Other immune cells, positione@eper within the tissues, such as in the
lung parenchyma, or the intestinal lamina progoan a second line of defense against invading
pathogensand can contribute to immune coordination with the rest of the3hody

To coordinatesubtissuelocalization, immune cells across the body are directed by a

myriad of smallchemotactienoleculessuch aghemokines. As we will discuss belaive 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 forforeign antigensandsigns of damagennate immune cells (in
par ti culra positished gcrosa the bgdy lymphoid organs, barrier tissueand in
otherwise immungrivileged site¥. Mis express a wide array of
which, upon ligand binding, trigger a myriad of immune cell functions, including production of
inflammatory cytokines or secretion of cytotoxic effectdfsas well as phagocytosis (a process

of engul f ment and degradation of cell 8 or
9
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Figure 1.3: Unique requirements forimmune cells across tissues
Venn diagrams displaying features and requirements for immune function in various lymphoid (a)
or mucosal (b) tissues.
Diverse trajectories of MO polarization are r¢
responsesranging from inflammation to silent killing to immune tolerafic&heir broad
distribution across the body,0 mb i n e d & gh exipresslan of immune sensors and diverse
functional heterogeneitya | | o w  Mrahestrateand regulateevery process oinnate and
adaptiveémmune responsdsom initiation to resolutioff.

Because Midliged, aaman if tleeim tgssuef-origin, and are subdivided by site
specific properties,-reaeei deerftedr itnomutnhespetified sl st i’

adaptations include varying transcriptomic and epigenetic profiesctional role®, mobility
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and localizatio?®, and responses to stimulatt8nOwing to tissue adaptations and distinct
developmental originsMids o f the central nervous sSsystem,
exhibit suchdisparatepropertiesthat they eachhavetheir own unique designatiofmicroglia,
histocytes, Kupffer cells, and Langerhans cells, respectiVelgecause of their lonterm
residence in tissued) 0 shave also evolved tact asintegral operatives in homeostatic tissue
function including dferocytosis,mediatingthe phagocytosis @poptotic cellswhichis essential
in many tissues tprevent accumulation of celebris during baseline turnovér  Nnitabolism
maintainslevels ofiron, calcium, lipids, and amino asfd andM 0 sconduct developmerand
maturationof many organ systemscludingmodulaton of synaptic prunindf, regulation ofthe
cardiac rhythrf®, andinduction ofskeletal muscle fiber repair during exeréfseamong other
functions®,
Coordinating hflammationthrough granulocyteand innate lymphocytes

Other innate immune celtge distributed across the boelgherin circulation orresident
to specific tissueniches For example, neutrophilsnast cells, basophils, and eosinoplate
armed withsecretory vesicles filled witbytokines and effector moleculesady to be released at
a momentds notice. These secretory vesicles
light microscope, leading to the name of their linéageanulocytesUpon activationthese cells
will rapidly migrate to the sitef inflammation,discharge theigranules and produce additional
cytokinesand chemokines to attract and direct other immune cells.

One granulocyte subsegutrophils is predominantly found in circulatioaJthoughsome
persist in tissue nich&sNeutrophils can be directly activated through TLR signaliogyplement

signaling, or inflammatory cytokin€s Upon activation, neutrophilextravasate into tissue,
11



produce chemokineasnd cytokinesto amplify inflammatory signalin@gndattract other immune
components,and ae highly phagocyti*®®. Neutrophit are armed with granules @hany
antimicrobialeffectors includingenzymes for superoxidend bioactive lipidoroductionwhich
result in extracellular damage of microbes and the*hdst addition, neutrophils undergo a
coordinated celtleath behavigproducing neutrophil extracellular traps (NE©si} of their DNA
and proteirto capture and kill bactefia

Mast cells,basophils, and to a lesser extent, eosinophils are activatedgagement of
immunoglobulinFc receptas, which bindspecific classes aintibodiesTogether, these subsets
mediateresponses to extracellular pathogémng., helminthsind allergie¥. Mast cells mature in
niches within connective tissuand their granules apacked withhistamine and high levels of
serine proteasews/hich togethetrigger smoothmuscle contractioralter mucous secretioand
digestextracellular matrixcomponentgpromoting accumulation of more inflammatory céfis)
Basophilsare primarily found in circulationperform similar functionsipon activationrelease
morehistaminethanproteaseandproducecytokines associated with type Il immunity {4 and
IL-13)*’. Eosinophis mature in the bone marrowre activated byl -5, and control invasive
parasites by releasirgranuks of toxic effectorsncluding peroxidases, neurotoxins, and cationic
proteing’. 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 lymphagyitecluding innatéymphocyte cells (ILCs),
natural killer (NK) cells, and plasmacytoid dendritic cells (pD@sEs derive from common

lymphoid progenitors, and in responsed@velopmental signals induce expressiorsécific
12



transcription factors causing differentiation irstovariety of subset$ Primary groups of these
cells includetype 1 ILCs (ILC1sWwhich express Tbet and a host of cytotoxicity receptgpe 2
ILCs (ILC2s) which express GATA3 and cytokines involved in tissue repair aliedgic
responses, and type 3 | la@gprodudetodr®gightextracellaldr e x p r ¢
pathogen®. NK cells express a wide repertoire of activating and inhibitory receptors which
recognize imbalances expressiomf markers of selbn the cell surfacw targetand kill aberrant
cells (such as canaars or virally infected cel)8®. 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 toal infections bysecretingcopious amounts of type |
interferons?, alerting immune and nemmune cells to the infection.
T and B cell development

The adaptive arm of the immune system is comprised of T and Bwhbits) aredefined
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 joininggene segments (V, D, and J regions, retpaly), resulting in production
of trillions of randomized receptors to facilitate recognition of diverse anfijdsyson activation
of naive cells by their cognate antigen, T and B cells can mobilize rapidly, proliferating to produce
an army of clonallyderived effectors, all capable of recognizing a specific angén

To mount effective adaptive immune respongas biodymust firstgenerate an immense
number of naive T and B cells toeatea diverse repertoire edndomized receptors which do not
recognize selaintigens and could potentially recognize 1sefi-antigensimmatureT and B cells

are produced in the bone marratven undergaeceptor rearrangement and maturation in the
13



thymus orin the bone marrowand peripheral lymphoid organsespectivel?. The process fo
rearrangement requires ermronerecombination evest which increases receptor diversity, but
can result in sequences wibutof-frame mutations that cannot be translated into complete
proteing®. During this maturation procest,and B cellswith functional receptor rearrangements
are positively selected for by stromal and epithelial cells supporting their suwiibd cellswith
nonproductive rearrangemerdase weededut®®. Additionally, to maintait he i mmune syst
ability to recognizeself from non-selfantigensgcells whose receptors are aberrantly activated by
self-antigengdo not surviveremoved by a process known as negative selégtiarthis way, the
hostimmune systencancurate a extraordinarily diverse pool aklls, each presenting a distinct
receptor that could potentially recognize foreign material.

TCRs are designed teecognizepeptidesequences presented on major histocompatibility
complex (MHC) moleculegproviding a mechanism to recognize foreign antigenasoiew as 8
10 amino acid¥. Two classes of MH@olecule are expressed on the airface Class | MHC
(MHC-1) is expressed omearlyall cellsandis responsible for theéisplayof peptides derived from
sampling and degrading proteins produaéttiin that cel?*. Class Il MHC (MHGII) is expressed
only on professional antigen presenting cells (APCs), including macrophages, dendritic cells
(DCs), and B cellsandis responsible for thdisplayof peptides obtained during degradataifn
endosomal contentse., after phagocytosi¥) To maximize the effectiveness of the naive TCR
repertoire,in addition to requiring productive rearrangementsgells in the thymus undergo
positive selection for moderate interactions betweem # @R and MHC moleculesf thymic
epithelial cells and negative selectiomo remove TCR clones with high affinity fdhe self-

peptides presented by these thymic epithelial Cells
14



Among conventional T cells (i.e., those ex|]
can be functionally grouped into helper T cellg)(®@r cytotoxic T cells (€) by surface expression
of either CD4 or CD8, respectively. Theseregeptors are necessary for TCR engagement with
MHCs, determining whether engagement occurs primarily with professional APCs (CD4 mediates
binding to MHGII), or can occur with all hosietls (CD8 mediates binding to MH®*. A special
class of regulatory T cellI g express the transcription factor FOXP3 and perform suppressive
functions that areritical for immune tolerané@ A subset of T cells (termed unconventional),
expressinnatt i ke TCRs with markedly reduced sequenc:
T cells, mucosahssociated invariant T (MAIT) cells, and natural killer T cells (NKT cells), are
thought to efter directly bind notpeptide antigert§ > or to interact with nonpolymorphic MHC
like molecule®®.

BCRs on the other handare designed to recognize intact antigens (primarily folded
proteins).B cell precursos in the bone marrowndergo various stages of V(D)J recombination,
mirroring that of T cell®. B cellsexpressing a successfully rearrangechunoglobulin light and
heavy chairexit the bone marrow as immature B cells, and enter secondary lymphoid organs (e.qg.,
spleen)to establish selfolerancé®. There, immature B cellwhich do not aberrantly recognize
self slowly undergo maturation to a naive B cell, while thegech are activated too rapidly
undergo cell death or inactivatiom prevent selfeactivity?>.

Activation of adaptive immunity

When presented with their cogngteptideantigen T cellsform a large celburface contact

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

TCR<®. During this antigen presentation process, professional APCs also express costimulatory
15



molecules (e.g. CD80, CD86, RAIl) which initiate or modulate T cell respon¥edJpon
receiving simultaneousTCR engagement and -stimulation (known as signals 1 and, 2
respectively)intracellular and autocrine signalimgthin naive T celldrigger a rapid proliferative
burst, cytoskeletal reorganization, atitferentiation to form effector populatioffsT cells can be
additionally polarized by cytokines or costimulatory molec(jesduced by APCs or other nearby
cells)to subsets analogous to those of ILCs, categorized by whether they primarily participate in
viral clearance (41, Tcl), defense against extracellular pathogeng (Tc2), or mucosal barrier
preservation (#17, Tc17)f* (Table1.2). Populations okffectorCD4" Tn 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 engagementcoupled with accessory signals from an activate@fiector cell, can
trigger expansiorand differentiationof naive B cells in processes analogous to naive T cell

activation. Following activation, B cells inymphoid tissueswill additionally aggregate into

Table 1.2 Functional polarizations T cells during activation

Primary
Subset localization Primary immune functions
Type 1 helper T cell T_|ssue§ and Support anjuwral macrophage and cytotoxic
circulation T cell functions
Tvpe 2 heloer T cell Tissues and Promote B cell antibody production,
yp P circulation production of IL-1, IL-5, IL-13
Tissues and Support inflammatory responses to
Type 17 helper T cell circulation extracellular microbes, produce IL-17
. Tissues and Kill virally infected cells, produce IFN-0 , -
Type 1 cytotoxic T cell . X ;
circulation 2, lymphotoxin
Type 2 cytotoxic T cell Tissues and Cell killing, production of IL-5, IL13
circulation
. Tissues and Potentially more limited cell killing,
Type 17 cytotoxic T cell circulation production of IL-17, I1L-22

16



germinal centers where they undergo somhgigermutation and intense selective pressare t
refine BCR sequences for high affinity to anti§&his 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 affifftyDuring 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 fuffetidai/e

B cells express IgM and IgD heavy chains on their cell surface, but upon class switching can
express IgG, IgE, or Ig& 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 acros&%the body
Resolution and establishment of memory

As we have described above, the immune system is primegittly mobilize responses
to awide variety of pathogensbut once the pathogen is cleared, the immune response must be
suppressednd tissue damage repairédaddition to establish robust immunity to future infection
by similar pathogens, the immune system natiete memory of the infectiomhus, diring the
resolutionof the infection,as the populations of respondiadaptive (andnnatg immune cells
contract,a subset of cellpersist as a form of cellular memory.

Among adaptive cells, memory T and B cells are maintained as pools of asyiggfic
memolk across the bodgTable1.3). After havingbeen primed by their initial antigen exposure,
these cellainderwenextensive epigenetic changes leaving them poised to rapidly respond when
their TCR engaged witla similar presentedpeptide or their BCR binds a similar structure.

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

Atypical memory B

CD11c* T-bet*

Subset Human markers Description
Naive T (Tn) CCR7* CD45RAY Pool of novel TCRs
Central memory T CCR7* CDA5RA* Circulat_ory, proliferative,
(Tewm) provide B cell help
— Effector memory T CCR7- CD45RA- In circul_ation and tissue,
9 (Tem) rapid responses
— Effector memory In circulation and tissue,
re-expressing CD45RA CCR7 CD45RA* mediate responses to
T (Temra) prolonged stimuli
Tissue resident CD69*, CD49a* and/or Long-lived protection at
memory T (Trwm) CD103" sites of infection
Naive B (Bn) CD27 and IgD" or IgM* Pool of novel BCRs
. N . . Antigenic memory,
mcgissr;\g't(cgji) Cb27 %?C:Q;gf‘ 196G, expression of _spe<_:ia|ized
BCRs/antibodies
= Non-class switched CD27+ and Antigenic memory, high
[} . .
&) memory B IgD+ or IgM+ somatic hypermutation
m

Antigenic memory, high
somatic hypermutation

Plasmablast

CD20" HLA-DR*
MKI67*

Highly proliferative,
antibody production

Plasma cell

PRDM1" IRF4* CD138"

Antibody factory

into the following categoriesentral memory T cells ¢l) which express CCRTa chemokine
receptor)and CD62L(a selectinto enabletrafficking throughlymphatics and among secondary
lymphoid organs, effector memory T ce(l&=m) which expressdistinctintegrins and chemokine
receptors enabling them tater peripheral tissuesd home to sites of infection, and terminally
differentiated effector memory T cells gdra) Which serve a similar function, but often with
increased expression of markers assed with exhaustion ansenescenéé® In contrast,
memory B cells are primarily stratified by whether they have undergone class sviitching
subsets of nowclassical memory B cells (termed atypical B cells) have been idenshed

associated with chronic infecti®h Among innate cellssimilar epigenetic changes occur upon
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activation, leavingells predisposed to specific respori&€Ehis processn innate cell known as
fitrained i mmunityo and c aawvariety apathodeesintinsaltdhd pr o't
For exampl e, MuUs 1 n trespondedto gbadteniad insultthave iemprqvede v i o
repair responses to injufy

A portion of thesedaptivememory cells will localize and remain within the tissue niche
forming tissueresident memory populations (known assBnd Bm)'8. Other lymphocytes (e.g.,
innate T cellandILCs), and myeloid cells are also able to estatlistueresidency?, although
prior cellular activation may not always be required L i k &othMdaptiye and innate memory
cells canremain within tissudong-term and take ortissuespecific adaptatiord Thesenon
circulating, tissueresident lymphocyte populatiomse embedded within the tissue, and can be
identified in mice and humansy their protection from intravenous antibody labellthg
Additionally, surface expression of various molecules which modulate cellular adhesion or
localization including CD69, CD49a;D103,and CXCR6 (discussed in greater detail beté#)
have beerused to identifyboth mouse and human resident memory T and B'€eNstigenic
exposure is required for generation of resident memory populasindghus resident memory T
and B cells accumulate within tissimethe first few years of life, and can persist to adulth®&6d
In mice, acute or chronic infection models are generally required to establish sufficient populations
of resident memory cells foesearcH.

These tissueesidentmemorycells are critical for coordinating immunity (particularly in
directing memory responsed)lurine paabiosisexperiments (linking together the circulatory
systems of two micehave demonstratethat Trv are necessary for optimakinfection

responsed, and variougxperiments have demonstrated key roles fgrifi modulating theissue
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and immuneenvironment(e.g. to enhance tissue rep#ir)Brm have been more recently
described, but appear to play similar roles in coordinating effective tissue immunity. Despite
extensive experiments in murine modelst understandingf processes by which tissuesident
lymphocytesin humans camrmediatehomeostatic tissue maintenance or coordinate immunity
remain limited.
1.3 Cellular and molecular cues for tissue residency
The unique requirements of tisdumobility, adhesion, metabolism

The majority of immune cells within the body (>98%) reside in tis$§Egyure1.4), and
the unigue microenvironments within these tissues tsgeificant 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 calistactively localize and respond to
stimuli within tissué®. 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 matixThis has critical implications for cedell 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 dispers€dl Thus, to regulate cetlell interactions, immune cells express a
diverse array of celtell and celmatrix adhesion molecules many of which simultaneously
regulate cell localization and signaling within c&lls

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 enulisicannot 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., 2023
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metabolic demands of activatfSnFor example, the availability of the nessential 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., glycofiisiBhis and other metabolic
shifts directly affect immune cell function, such as desensitizing T cells towardssp&iRic
activatior¥*. Together, these indicate that the unique metabolic environment of each tissue niche
affects immune cell function.

Each tissue niche also has unique requirements for immunérigiisel.3). For example,
intestinal immune cells must maintain tolerance to commensals within the gut microbiome to avoid
aberrant immune respon&e¥ whereas lung immune cells must rapidly clear pathogens while
minimizing tissueinflammatiof’. As di scussed above, i mmune cell
haveessential roles in homeostatic tissue processes. For example, a functional layer of surfactant
is required to maintain alveolar gas exchange and tissmenp | i ance, and al veol a
is play an essential role in catabolizing damaged and degraded suffattahie spleen, red pulp
Mids mediate efferocytosis of damaged and degr
heme to allow for production of new red blood &&lIFhese functions are not unique to myeloid
populations, as ILCare involvedin the development of lymphoid tissues, repair of damaged
tissue, and even catalyzing glycosylation on the surface of intestinal eftthelia
Soluble signals: cytokines and chemokines

As described above, cytokines and chemokimesliate much oimmune 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 (TGH) pr oduced by -immumei celds triggerd non
differentiation and transcriptional reprogramming in myeloid cells towiasdae residency and
immunomodulatiof®2 Similarly, among T cells, TGB tri ggers the for mat
population&>°4 migration to specific niches (e.g. to localize to the intestinal mucosal B3rrier
and longterm retentiof?. Other cytokines, including HZ and 1L-15 produced within hair
follicles, can support migration and maintenance of epidermis®T Inflammatory cytokines,
including tumor necrosis factor (TNE) a n-8 havelalso been shown to enhance tissue
residency in &m”".

Chemokines play an essential role in directing the régeeific localization of resident
immune cell{Figurel.5). Chemokines are classified into four families by the location of cystine
bonds within their structure: XC, CC, CXC, or &X These families of chemokines bind specific
receptors expressed on the surface of immune cells in a-sabddissuespecific manner and act
as chemoattractantsgd express CXCR6 which binds to CXCL16 produced by structural cells at
barrier sites (e.g., in the airways) and triggers hofirlg specific sites, such as the intestinal
epithelia, kv and other resident lymphocyte populations express CCR9 which binds locally
produced CCL25, promoting homing, retention, and differenti&tiSnSecretion of CCL27 from
skin cells during inflammation attracts T cells expressing CCR4 and C#R10

Beyond communicating homing signals from sommune cells to immune cells,
chemokines can also be important for coordinating immune cell to immune cell localization. For
example, he only two XC chemokines (XCL1 and XCL2; lymphotadiin a-md r espect i v«

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 receptdrt® Tissue and subsespecific expression of GCR1, the
receptor for chemokine GKL1 (fractalkine), allows for localization of immune cells (particularly
tissuespecified subsets) towards sites of inflammafion

In addition to promoting trafficking into tissue, soluble mediators can also prahwte
egress of cells out of peripheral tissues. Chief among these is sphintypéiosphate (S1P), a
bioactive lipid, which is a prevalent chemokine expressed in circulffomhibiting the S1P
receptor (S1PR1) either through expression of CD69, which directly sequesters'S1BRir
suppression of the transcription factor (TF) upstrearBd?R1transcript expression (KLFZY
has proven essential for tisstegention of T cel® Other resident lymphocyte populations,
includingresident memory B cell§, appear to employ similar mechanisms to inhibit egress from
peripheral tissue niches.

Cytokine expression is also essential for inducing molecular programs ofgjssciéc
adaptations. Gatimulation with Granulocyte/Macrophage Colony Stimulating Factor{C3F)
andTGFb is required for inducing | ' Microgkat ab ol i
in the brain, in contrast, rely on C8Fand I-34 released by neurons for their tisspecific
maturation!*11> Differential amphiregulin (AREG) expression by epithelial cells at barrier sites
(e.g., lungs, gut, and skin) is thought to induce tigsparative functions in lymphocyté$
Beyond cytokines, soluble metabolites, includioigte (ametabolized fornof folic-acid vitamin
B9) and retinoic acid (a metabolite of vitamin Al) also act as signaling molecules, triggering
i mmunomodul atory phenot yesSimilary, thépreserceof emes ¢ i f i

(the ironcontaining component of hemoglobin) incudes expression or@oycling programs in
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M & Together these soluble mediators direct tisguecific molecular programs in murine
immune cells, but their roles in human systems are only beginning to be uncovered.
Cell-cell and cellmatrix interactions drive adhesion

Adhesion molecules expressed on the cell surface are essential tespecife
localization and retention of tissue resident immune cells. One class of adhesion molecules,
integrins, ar e a thechains that itypically $ind ad componentsthin the
extracellular matrix, but among immune cells also mediate somestiihteraction®’. The most
highly expressed integrin aco@plea)coasftiamdikocyt
mediates leukocyte binding to various intercellular adhesion molecules (ICAMs) expressed on
endothelial cells to promote extravasatdn Ot her i ntegrumOGCheidey odiUm
( CD11cp(,Chdrld wsuburit sirhilarlg prdmote extravasation and mediate subset
specific adhesion to extracellul ar matri x <co
lymphocyte subset&” 123

Adhesion molecules allow residemmune cells to localize to distinct niches within tissue.
Asubsetof CD8Trmi N mucosal barrier ti sswg@x03),which, e x amj
i n compl ex 7wromotes hindirig & gadhenn ekpressed by epithelial céftsThese
populations of &m localize to the epithelial barrier, where they act as alfitetof defens&>.
Het erodi mer i z ait(iCobd 9afy (Ca2®)dergbiVearynLate Attivation antigen
(VLA) -1, which mediates adhesion to collagen types | and IV within the extracellular matrix and
is also associated with localization of intraepitheliah™?”

Selectins, cadherins, and immunoglobulin superfamily adhesion molecules primarily

mediate celcell adhesioff. Vascular cell adhesion molecules (VCAMs), ICAMs, mucosal
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Addressin cell adhesion molecule 1 (MACAMa&hd activated leukocyte cell adhesion molecule
(ALCAM) are essential for leukocyte and myeloid cell trafficking within tis&t1£&12°
Endothelial expression of VCAM1, for example, mediates binding of lymphocytes and myeloid
cel | siné w dba td Masculature®®! Together, tissueand subsetspecific 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, nectinexpressed on tissue structural cells intenaith leukocyte
expressed DNAX Accessory Molecule 1 (DNAM and T cell immunoreceptor with Ig and ITIM
domains (TIGIT}*? to promote immunosuppressidBngagement of integrins with their ligands
al so transimma s siigmualsii de, wher e i ntracel l ul ar
migration, or alterations in gene expreséidd n Mas and DCs, expubsessi on
a n d/bs ¢an help mediate phagocytosis of apoptotic EélIFhus, tissueand 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 tisstasidency or tissuspecific adaptations in immune cells. A
portion of these TFs act as pioneers, triggering shifts in chnomatiessibility that prime cells for
binding of additional TFS®, These pioneer TFs are important for establishing epigenetic memory
and reprogramming cells to promote letegm tissue retention; for example, PU.1 mediates the
di fferenti ati on *3d%andEDI mediatesd sell differentiatidn in® memory
subset5®. Other TFs have been identified that mediate tisssiglency signatures in lymphocytes,

including Hobit, B lymphocyténduced maturation protein (Blimp)*3’, and Notch*¥ 140 The
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role of theselrFswas first identifiedn CD8 T cells and innate lymphocytésg. NKT and NK
cells) and expression of these TFs correlates with surface expression of CD49a arld’.CD69
Among B cells, these transcriptional pathways appear distinct, as-Rlimpequired for plasma
cell differentiatiort*!, althoughhigh expression of this Thay be requiredissueresidency in
plasma cell¥*. Expression of these pioneer transcription factors result in specific patterns of open
chromatin and histone modification in resident lymphocytes and myeloid’ ¢&tis™,

Other TFs have been identified with tisspecific expressiornprofiles, driving tissue
adaptations. A mo n g -likM transpriptpru factot 1 (&) gs, expiegsedant
microglia, SpiC i n splenic red pulp MdI®) Lhv &upXferec
peroxisome proliferateactivated receptor gama (PPARO ) i n lung mac+tr ophag:¢
related transcription factor 3 (Runx3) in intestinal macropiagssnilarly, among lymphocytes,
Runx3 has been identified in intraepithelial T cells of barrier'$feshile T cell factorl (Tcf-1)
has been highly expressed iaulin lymphoid site&*. In mice, the expression patterns of these
TFs drive tanscription ofissuespecificadhesion moleculebut evidence in human immune cells
is limited.
Tissue niche considerations

In addition to celintrinsic control of tissuepecific molecular profiles, the interaction of
populations of resident immune cells with their tisaighe lead to complex population dynamics
determining cellular abundance, subset composition, stabilitysue, and cellular replenishnhen
For example, the total number of resident immune cells within a tissue is thought to be regulated
by the nicheds fAcarrying capacity, o0 deter mince

growth factors, nutrientsind physical contat}. For example, modelling has suggested that the
28



growth of tissueg esi dent M popul ations ar e i mited
fibroblast$*®. These interactions (e.g. with structural cells providing necessary cues) may be
transientallowing cells to migrate within the tissue nichemay belong er m; f or exampl
form relatively stationary lon¢erm interactions with alveolar epithéfté or peritoneal wall

strom&®®. Together the specific combination of chemoattractants, nutrients, and physical cues
provided by a tissuaiche determines subset compositions.

In addition to signals from the tissue, multiple mechanisms of quorum sensing have been
proposed in tissugesident leukocytés!, including among T cells (via H2)'°2 dendritic cells (via
IL-10)*>3, and complex, mukstep quorum sensing mechanisms, like a-$tep interaction
bet ween Mias and str uct WhhThese miladrirse signalinganet@ekg 2 a n
aid in population levetontrol at homeostasis, act as negative feedback on inflammatory
expansion, and allow for setbrrection upon resolution of inflammatfh When these processes
go awry,our understanding of these quorum sensing mechanisms may romidisingavenues
for treatment (e.g. with cytokine agonists or antagorsts)

Tissueresident immune cells areoferationally longlived in tissue. Although the
mechanisms for this loagrm maintenance are still under investigation, it is clear that tissue
residency supports longeellular lifespans. For example, the lifespan of circulatory monocytes
canbe measuredindays whi |l e Mos appear to have P% fespat
However, this effect is variable across tissu
have demonstrably short &% Bimfaredymamicsshave beann al v
identified in lymphocytes, for examplezsi in lung, liver, or intestinaltransplantation models

appear to be lonfived (in some studies;10 years)while circulatory subsets are not maintained
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as persistently® 1% The longevity of these cells is, in part, due to mechanisms feresaival

in the periphery. MiOs in diverse tisswiate, i ncl
selffr enewal , whil e MO popul ati ons equine hightrategaof si t e
monocyt e infiltration ar e necessary for cont

abundancE-*#1%7 Although relatively rare, populations of resident leukocytes (ery) Mave
also been identified to egress from tissue back into circulation, suggesting that in addition to cell
death and exhaustion, logrm residency may also be limited by cellular reterffoiRoles for
theseprocessesn healthy homeostasis or in disease pathogenesimiman models are just
beginning to be understood.
1.4 An aging immune system
Aging immunity at a globadcale

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 body®2 Upon antigen exposure and other immunological insults, these cells take on memory
phenotypes, some of which persist through adultfoddivanced 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 éfdétfyAs human
life expectancies continue to length®n dissectingtheseprocesses to understand underlying
causes and functional effecdsimmune agings critical

Dysregulation of immune cells with age can have dire consequehltesugh drect
evidence in humanss spars®® correlative studies in humarisave identified ageelated

dysregul ated MO subs et s¥®brmorbidayturingacuténfection® ¢ i nf |
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170 Increases in bodwide inflammation (in both tissues and in circulation) with age is common
and has been t et m@hs canditiorf it distimyaishédnby bigh levels of
proinflammatory cytokines in circulation, including-IL, 1L-6, IFNs, and TNFJ*"L. Coinciding

with increased inflammaging, the aging immune system is also less reactive to novel insults, a
feature referred to as immunosenescéficAlthough 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 immun¥ tdlte

elderly have impaired responses to novel antigens, with impaired memory establishment in
response to new vaccination or infection (as demonstrated most recently by the -C®VID
pandemié¢’4 179 Inflammaging and immunosenescence are both major comorbidities for disease,
with elderly individuals being at increased risk for infection mortality, cancer, frailty, and
cardiovascular diseaSé 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 exampleggligiblethymic output in the elderlgestricts production of new naive
T cells, whichconstrains th@CR repertoire diversity’. This, combined with accumulation of
memory cells throughout lifé®, reduces opportunities for novel respof®esA similar
compartmental shift occurs in B cells, where naive cells are replaced with memory or exhausted
subtype&’® Bone marrow progenitors and HSCs appear to have reduced proliferative potential
with agé’®, 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 linede$é! These mechanisms appear to be driven,
in part, by telomere shortening, mitochondrial dysregulation, mTOR activation, epigenetic
changesijnterferon signalingand the accumulation of DNA damagre Chronic inflammation
also differentiates immune cells towards more inflammatory phenotypes, such as increased
cytotoxic Temra cells with agé®®. Understanding how these global shifts in the immune syistem
humansaffectimmune interactions anaverall immunocompetenceill be critical for designing
treatments targeted to the elderly
Alterations in the tissue microenvironment trigger tisspecific aging

In addition to changes in the immune compartment, individual immune cells are also
affected by ageelated processes. In mice, cellular division history, activation history, ad th
aging microenvironmertave all been shown tmntribute tdmmune celdysregulatiot? 187, Of
note, changes in the tissue microenvironment with age can result in highlysjesific aging
trends. For exampleresearch in mice haslentified an attenuatetipopolysaccharide (LPS)
response in aged sl nboatandcperaisednedBpunse i
Meanwhi | e, phagocytosis is reduced in aged pe
from blood monocytd821% Phenotypic shifts also follow tissispecific patterns, witlpattern
recognition receptorsn innate immune cells downregulated in sopagticular sites and not
otherd®8, Recent studies in mice have linked these tisggeific aging trends with agelated
alterations in the tissue microenvironméhtDocumenting and understanding these tisane
subsetspecific trends are essential fdesigningtreatmenttargeted to thelderly, but studying

these processes in humans remains lirtfited
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15Approaching i mmunology as a fisystemo

Systems biology @ antithesis taeductionist approaches

The immune system, like most biological systems, is complestudy it, immunologists
have historically favored a dividend-conquer approaéhexplaining the behavior of the immune
system by the properties afl its constituent parts. Thapproachpftentermed reductionist?,
aims toisolatet he sy st e mdando more magnageablmrts such as studying each tree
within a forest.But understanding each tree in isolatidar exampledoesnot recapitulate the
higherorder workings of arentire forest.For that, we turn to a different approadystems
biology, which aims tausea holisticperspective to studgmergent properties of the systén
Although no single set of qualifying criteria will capture all possible implementations of systems
approached, propose theriteria: 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 hypothe&esystems approactherefore could include
consideringthe forest ecosystem as a network of interactions between treemw@ddaddress
hypotheses about how tre@tree interactions (within or across specleaylto the functionof the
forest as a whole.

Notably, the distinction betweensystems and reductionist approackemdependent of
computationabr experimentamethodologiesFor example,eductionist approaches can employ
complex computational methods, and systéenel modelling can be performed experimentally,
rather tharcomputationally®®. Most studies lie on a spectrum between thesespigtemological

extremes andanuncoverthe strengthand weaknessed yourhypotheses
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Immunology as aetworkof cells, space, and time

At the heart of every immune response are-@gll interactions, either among immune
cells or between immunand nonimmune cells.For examplejnitiation of a typicaladaptive
immune responsminimally requiresinteractions betweemfected cellsand APCs APCs and
helper T cells, antelper T cells with variousffector B and T cell$®. Even humoral immunity
such asmmunity mediated by the complement cascade or antibodies, requiezactionof
multiple cell types and their secreted prodtft®’ As a further complication, the spatial
temporal localization of these cells is alsacdfical importancé to mount appropriate immune
responses, cells must localize to sites of infection docalize within lymphoid organ$roper
cell localization and timing of the immune response is essential for understandimgnowity
in response to vaccination or infection is establisff¢é The systems approach attempts to
understand howmergent properties of the immune system, such as traamadnity and tissue
immune relationshipsgrisefrom this network ofinteracting components
Snapshots of humanskameostasis

Before exploring how the human immune system responds to insults, it is important to
establish a sensibl e baCseltiere af drori hdeeaflitnhiynog i
systemshoweverjs challengingas varying genetics, lifestyles, agidease histories vastly affect
a h u nranmudessystem aest®®. Importantly, however, despite interdividual variation in
superficial metrics such asmmune cell compositionand gtokine levels thesefeaturesare
remarkably stablén individualswhen sampled over tird®2°! These results suggest that well
regulated immune systens individuals will maintain a longerm steady statéilthough the

conceptof an actively maintainedstable statef health(referred to as homeostasisas been
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around sincehe 19" century®*#2°2 it remains an emergent propergquiringstudy through the
lens ofsystens approache€One metric of immune health which has been proposed is immune
resiliencé thespeed and robustneskthe immune system to return to a stablepsent?®3 Other
metrics have also beaterived for example bycomputational modelling of large healthy and
diseased cohor¥, but one feature remains cldannderstanding features of human homeostatic
baselines and how they are maintainedrigcial for understandingpoth immunediseases and
clinical intervention$®,

Unfortunately, investigating how homeostasis is maintained in the immune syféam
requires testing responses to specific perturbations. Althetugdly ofsomeperturbationgsuch as
vaccination can ethically be performed on humans at homeo$t3gisore mechanistic studies
mustrely onanimal modelsAlthough diverse mechanisms to defend against pathogenic threats
have arisen across all organisms, including unicellular prokaryotes and eukifyotesune
systems with innate and adaptive componeanigoring aur own are only found in jawed
vertebrates Thus, immunology research has largely relied on mammalian animal models, most
extensivelyin mice?®’ (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
broadconcepts of immunologyand how immune cells interd®& Translating specific findings,
especially therapeutics angechanisms of diseaselaman immune systemBoweveryemains
challenging®. This is because homeostatic set points and responses in animal modéerare
distinctfrom those in humanglifferenceghoughtto be primarilydriven by1) millions of years
of divergent evolution2) the relative genetic homogeneity of many animal models, attie3)

distinctlife histories andntigenexperiences of animal models in captit®f?C. Thus, a critical
35



Table 1.4 Common animal models for immunological research

Animal Life span Advantages
Genetically tractable, fast reproduction,
standardized lines, genetically identical
Genetic manipulations to host human immune
Humanized mice ~2 years cells, but complex to generate and lacks human
non-immune component & signaling
More genetic diversity, variable immunological
history, less manipulable, require special facilities
Similar to human respiratory infection
susceptibility
Large animals ~20 years Longer lifespan for long-term studies
Much more similar to human physiology, but
variation in adverse drug reactions

Inbred mouse ~2 years

Wild rodents ~ 2 years

Ferret ~5 years

Non-human primate ~25 years

step in the discovery process is devising ways to evaluate how immune features identified in
animal orex vivomodels translate to human immune function.

To perform this translational work, scientists musinple and study immune cells in
human tissue®\lthough there are many sample sources for diseased tisghsjield, minimally
invasive sampling methods for healthy human tissues are liffitdale 1.5). This often restric$
Aheal t hwamplesndtudiesitadoe |l at i vel y A n o which tad beabtginadc e n t
alongside diseased tissue during surgical reseé¢tiéiidunfortunately, detailed analyses of these
samples suggests they are not always reflectivheafthy homeostsis?*'?'2 One promising
alternative to samplelatively healthynuman tissues is by studying the organs used for life saving
transplantatiot??°. Partnering witHocal organ procurement organizations, labs have been able to
sample diverse tissues including lumgtestine, spleen, bone marrow, and lymph npdé&en
paired from the same donét€% Importantly,although these donors are deceasegkstigation
of these samp#essuggest that tissues, but not blood, are relatively unaffected bgeb#ic causes

of death, suggestive of a r el a® These saynples hageb | e
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beeninstrumentaln establishing baseline immune compaositions across tissues anesiesiic
profiles’3215 and provide enormous opportunity to stimyneostaticmmunecell function

Table 1.5 Sources of human samples for immunology research (adapted from Farber, 2021)
Sample Type Potential applications Examples

Living individuals Time-course studies,
(Non-invasive) vaccination trials, infections
Sampling diseased tissue,

clinical trials, transplantation

Blood, Sputum, Nasal swab

Living individuals
(Clinical samples)

Biopsy, Fine-needle aspirate,
Surgical resection

monitoring
Deceased individuals Paired sampll_ng_o_f tissues Autopsy (flxed' tissue),
from one individual Organ donor (live cells)

1.6 Experimental profiling at the single-cell level

Profiling the surface proteont the transcriptome

Antibodies were first discovered in 1939, with the identification of{§@s a testament
to the utility of antibodies in scientific research, less than two years rie¢earchers were
conjugating fluorophores to theaatibodiego labelcells!’. Since then, the use of antibodies by
researcherso label cellsand localize proteinkas only grown, with development of early flow
cytometersand fluorescently activated cell sorting (FACS) machibeginning in the late
19608 These tools allowed researchers to analyze protein expression on individuglitells
much greater throughput than traditionalicroscopy and FACS technology allowed for nen
destructive sorting of cell populations by their surface prote@trategies foproducing and
subsequent commercializatiafi monoclonal antibodies in 1978 allowed forunprecedented
standardization, providinguniversal frameworkor describing and sorting specific celibsets
Revolutionized bythese technological developmerdaimmunophenotyping campaign began in

the field of immunologyl§eginning withearly descriptions of T and B cell sub$&té?) based on

37



surface marker expressiomhichhas shaped oumodernunderstanding ahe immune systet#®.
To this day, flow cytometry an#ACS technology remaigold standards for profiling and
isolating populations of cellsywith mass and fulspectrum cytometry enabling multipkeck
profiling of >40 markers on individual cetfS.

The utility of immunophenotyping by surface protein expression patterndead
standardized technology amdonoclonal antibodies alled immune subsets to be identified
across laboratories with ease, but overreliance on surface proteome conliesitattbns as well.
Surface proteome profiling is markkémited, with highly multiplexed experimentgypically
profiling <2% of ~3,000 proteins with predicted surface expression on humart®cells
Additionally, whiless r f ace protein expression conveys
(e.g.,capacity forcell adhesiondirectcell-cell interaction, andensingenvironmergl cue$, many
other functionally relevant featurege.g., epressionof enzymes transcription factors or
cytokineg are hidden within the cell. Intracellular protein staindag bridge this gaout methods
rely on cell fixation,reducing signal from fragile targets amtiminating the potential for
functional charaetrizatiorf?®. Thus, the totafliversity of human immune celis notalwayswell-
captured by the limited set of welalidated surfacand intracellulamarkersavailable.

Transcriptome profiling providean alternative avenue foneasuring cellular expression
patternswvhich couldcircumventthese challengeMicroarraysan early method for transcriptome
profiling, used complementary DNA hybridizatiaa probe relative expression 660 selected
gene$?®, but subsequent multiplexirfgasenabled profiling of over 20k gerfé$ More recent
advances have enabled profiling of the entire transcriptome by-§§Aencing (RNAseq§?’.

Together, both sequencing and prdiased methods allow for highly multiplexed readout of
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transcript abundances by RNs&(f2%. By measuring transcripts, researchers can simultaneously
assesshe expression ahtracellularmarkersmarkers expressed at the cell surface, and products
destined for secretion. Of note, howeveosttranslational modification, localization, ampdst
translationalregulation of proteins are not captured within the transcriptome, resulting in
discordanexpressiorbetweerthe transcripg andsurface epitopes used for immunophenotyping.
For example, CD3is a TCR cereceptorwhich acts as a highly setee surface marker for T
cells, butCD3E is not asselectivelytranscribedMany innate lymphocyte subseatsplay high
expression oCD3Etranscriptori nt r a c e |, bueH adNK celx®.3ntportantly, however,
transcriptomic profilig is a destructive process, requiring cell lysis to access transcripts. This
limits capacity to performiunctional characterization of populations defined by transcriptomic
markers, many of which do not correspond directly to expression of a surface.marker
Transcriptome profilingf pools of cellshy RNA-seghasenabledcountless discoveries
and insights into the immune systelvhile subjectlevel profiling is useful for comparative
studies, advances in measuring expression from single ?2ellsas revolutionized
immunophenotypingn thecellularlevel. Early iterations of imgle-cell RNA-seq (scRNAseq)
focused on recovering transcripts frdrandfuls ofindividual cels??®, but advances in barcode
multiplexing and microfluidis, paired with decreased sequencing cos$taye fueledan
exponential growth in the number cdllsd enabling profiling of tens of thousanttsmillions of
cellsin a single stud?’. As scRNAseq libraries typically undergo polymerase chain reaction
(PCR) amplification,early studies suffered froramplification bias but advances in unique
molecular identifier (UMI) barcoding has substantially reduced its ififagnotherprominent

limitation associated witlsingle-cell sequencings thesparsityof transcripts recoveredror any
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individual cell only a small fraction ofranscriptsexpressedccan be efficiently captured and
sequenced, attributabletechnical limitations for messenger RNA (mMRNA) molecule capthee,
short halflife of MRNA, andthebursty, stochastic nature tfanscriptiorregulatiort®?. This leads
to sparse datasetahere lack of detection of a transcript in a ami reflect technological
limitations, rather than lack of expressidrhis artifact gredy affects interpretation of lowly
expressed genes, requiringreful statistical modelling of singleell data (discussed latet)
overcome this iss@& 234
Paired profiling of the surface proteome and transcriptome

While profiling the surface proteome or transcriptome of cells is very useful for
characterizing novel heterogeneitythin sampls, the cellularsubsetsdentified are not always
comparable across modalitiess describechbove manyproteinmarkersfor immune cellsare
regulated postranscriptionally with immunophenotyping strategies relying on suispetific
proteinlocalizationor posttranscriptional modificatiomnot reflected in the transcripton@n the
other handtranscriptmarkers may not ende for proteinproducts,their encoded proteins may
not localize on the cell surface amass within the delor their encoded proteinmaylack welk
characterized antibodie$hus, translating identified subsets across modalities often rdcuire
mix of data imputationextensive FACS sortingr low-dimensionalow-throughputvalidation
experiments

The recent development of multimodal singlee | | seqguencamigcs, Or
technologiedas transformethis space by enabling paired profilingro@iltiple modalities within
single cells Paired profiling of surface proteins alongside cellular transcriptomes has been of

particular interest, witlearly index sorting strategié®, and the development and refinement of
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high-throughput alternatives such eallular indexing of transcripts and epitopes by sequencing
(CITE-seq¥°¢2%" During CITEseq, cells are stained with a panel of oligonucledtbelled
antibodies to label surface markers prior to cellular encapsulatmitesearchers can sequence
separate libraries afomplementarygene andantibodyderived tag (ADT)sequences to obtain
relative measurements of transcript or surface protein aburfdar{Eégure 1.6). Similar
sequencing or probieased technologies have also been effectively employed, inclérhiAg
expression and protein sequencing assay (RE&F® or antibody sequencing (Abeqf>.
Thesemultimodaltechnologiegprovideenormous potential to harmonize and increase resolution
of cell-type subsettingnd perform functional validation of subsets identified by scFRig#.

Profiling additional modalitied Immune repertoiredpcalization, and epigenetics

In addition tothe singlecell profiling technologiesdescribed aboveresearchers have
employed sequencing and prefi@sed methods to profilmany additional modalities, including
immune receptors, cellular localization, and epigeneBatk and singlecell profiling by these
technologies has fueled research into adaptive immune cell funetatre specific localization
patternsand the regulation of transcription and cellular identities.

Immunereceptor profiling, also known as TERr BCR-sequencing, allows for the
identification ofclonal lineages of memory T or B cellthese technologiesan be used to track
dynamics of the adaptive immune responBalk TCR and BCR sequencingas enabled
investigation into details of V(D)J recombination and somatic hypermutation (e Refd
advances$ave allowedesearchers to identify amdrate repositories of TCR and BCR sequences
with annotatedinding specificity*1?42 In addition, immune receptor sequencing enaflésm

of lineagetracing in humans: by identifying clonalhglatedpopulations 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 CITHSeq. A single cell suspension (left) is stained with
oligonucleotidelabelled antibodies (center). Following singkl encapsulation, the researcher
can prepare separate libraries for gene or antHoedived tag (ADT)expression. After
sequencing, gene and surface protein expression matrices can be alignedarcod# to reveal
paired profiling of individual cells.

across the bodyesearchers canfer dynamics of infection response and memory generdipn.
pairing this with transcriptomic profiling at the single cell levélis immune repertoire
information can provide insights into how antigen specificity impdoisalization and
differentiation of memory subsets.

Advances in spatial technologies have allowed Walk-profiling of small spatially
localizedgr oups (or fispotso) of gpaidllbcalization ofndividuaVi s i un
transcriptswithin cells (e.g. Xenium technologi/§. These technologigerimarily usefixed tissue
sections ane@ither sequencing or panels of transcript probes to localize gene expression patterns.
Both technologies can be paired with imagingffer a window into histological stainingell- or
locakmorphology,or immunehistochemistrifluorescenceechniquesThese technologies allow

for investigation of thespatial segregation of immune responses within tissues can be

employed to better understand esdll interactions occurring within a sample. Finally, 3D spatial
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transcriptomicmethodologieoffer the potential to quantify cetlell interactionswithin larger
chunks of tissue without limitations of 2D tisssectioning*?.

In addition to immuneepertoiresand spatial organization, researchers are increasingly
interested inelucidating cell-intrinsic mechanisms of transcriptional regulatidm this end,
multiple techniques for epigenetic profiling at the bubnd singlecell-level have been
implemented Prominently among these the Assay for Transposagecessible Chromatiby
sequencing (ATA&eq) which uses the Tn5 transposase to tag regions ofdpematirt*®. By
assessing operhromatinresearchers can identify regions of the genarhere gene regulatory
elementsd.g, promoters, enhancesslencersjnsulators, etc.aredirectly accessible for binding
by transcriptional regulators.€., transcription factors)Chromatin accessibility profilinganbe
performed on individual nucleand can be paired with other modalities such as transcriptomic
profiling by singlenucleus RNAseq (snRNAseq).Pairing these modalities can allow researchers
to identify which genes wouldequire intensive chromatin remodelibgfore expression, and

which are Apoisedod to be actively upregul ated

1.7 Applying algorithms to address biological questions

The need for more advanced statistical models

Recent technological developments, such as-tanlk singlecell- profiling technologies
(discussed above) have greatly accelerated our understanding of biological ¥ystEnese
informationrich methods enable measurement of hundreds to tens of thousands of targets in each
sample or within individual cells within each sample. combat this information overload and

extract meaningful signalsgsearchers must rely on statistical modellifgr. example, with so
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many targets profiledhe rate of Type | errors (testsroneouslydeclared significantincreases
dramatically, andmultiple comparisons correctiotechniquesbecome necessangimplistic
statistical hypothesis testing methddach as h e St 4edt eriVilicéxen signedrank tesy

can oftenidentify differenceswhen researchers expect a large effect size, but more advanced
statistical models that account ftire distributions expected incount data (e.g., Poisson or
NegativeBinomial) are often necesiry to reduce the impact of technical artifacts and detect more
nuanced signal’. Finally, depending on thstatisticalquestion, expression measurements from
cells within the sammdividual may not represehtologically independent readouts, and therefore
mustnot be treated as statistically independent

Developments in algorithmic approaches go hiandand with improvements in
experimental design. Thus, optimal sinrghkdl profiling requires merging careful experimental
design with the available technologies and algorithms. For example, algorithmsripaegead
performance at demultiplexing multiple samples (e.g., multiple individuals or conditions) from
pooled samples run in singtell datasefé”?*8 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 propertiesf the results okach technique, such as whether measurements are
relative or absolutesparsity of sampling, aechnical artifacts, can greatly impact our analyses
and require careful statistical considerati&or bulk sequencing analysisnany conventional
standardsexist for alignmentto the genome ortranscriptome(e.g., RNA-seq alignment*® or

pseudoaligmert®?). Similarly, analysis ofdifferential expressiorin bulk transcriptomics
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includes somevell-established techniqudmsed on expected sampling distributiansluding
DESeq24. Although singlecell transcriptomics is a much newer technique, statistical modelling
of sRNA-seq countdy the negative binomial distributiofgr example, has enabled efficient
estimation 6 capture efficiency anttanscriptionakineticg>2 Differential expression algorithms

for scRNAseq data can also borrow from techniques developed for bulk transcriptomics by
mer ging single cell s. Advanced modalbve also been déevelopekt® d a't
account for varying precision across samples tf@se pseudebulk differential expression
pipeline$®. For even newer experimental methodologies(such as multimodal singleell
sequencing), howeveanalysis pipelines are in their infandy the remainder of thisection, we

will explore some common issues facing sirggd analysessolutions proposed for scRN#eq,

and their adaptation to multimodal profilifigigurel.7).

Correction of batch artifacts

An early considerationn sequencing analysis is quatitpntrol filtering and detection and
mitigation of sequencingand batckartifacts. Sequencing artifadis.g.,bias in coverage or error

rate of specific sequencesanarisefrom many sourcesparticularly fromthe method used for
mRNA capturé®® or steps involving PCR amplificatiéif. In addition, these techniques are
sensitive to manybiological sources of error such asllular stress induced during sample
dissociatio”> or ambient RNA in the sampl®. The magnitude of these biases can vary greatly
with only small changes in experimental conditioesch asexact timing or temperature of
sample$®, 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 singédl datasets
Preprocessing of singleell 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, followeddibyensionality 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.
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As samples across different experiments or laboratories are typically unique (e.g., sampling
different individuals, different diseasgates, etc.) applying algorithmic approaches to correct
batch effects requires a delicate balance between removingtartifad preserving real biological
variation. To quantify the performance of batch correction algorithms, researchers have developed
metrics such as adjustednd index (ARI), average silhouette width (ASW), or local inverse
Si mpsonods 2 #tbeneasureliHe Sistr)bution of batches or cell types (a sStaful
biological variation) within a dataset. These methods primarily rely on nesgstborhood
graphs computed on calle | | similarity matrices to determ
molecular profiles between batches or cell types.

Integration overcorrection has the potentiaitberremove interesting biological variation
or to introduce new artifacts (such as #imological, aberrant expression patterns) within datasets.
For example, when samples across multiple batches have unigugpeeltompositions,
integration overcorremn can result in fewer detectable cell types misleading marker
expression patterfS. 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 eargtestages banalysis omay
perform correction onlfor specific subsets ahe analyses performed. Because of this, batch
correction strategies have been employed across all stages of arslgBigdirectly batch
correctng gene expression eprrecting downstreamatent spaces or sample embeddtfySome
techniquegespecially those applied at later stages of analgssyeneralizable to many different
modalities (e.g., HarmoRiy), while others(especially though applied early in analysisk

designed for specific modaliti@s pairs of modalitiege.g., scVI for scRNAsed®?, or totalVI for
47



CITE-sed®?. Each of these techniques have varying assumptions about the distribution of batch
effects across samplesvhich often requires that researchers test multiple batch correction
strategies to identify one that minimizes the most batch effects while preserving biologically
relevant sampko-sample heterogeneityfhus,to effectively analyze the additional modalities
profiled by novelsequencindechnologies, batch correction methods musé\muatedgcreated
or modifiedto addressnodality-specificassumpbns andsources of error.
Embeddingand factorization

As discussed above, these informatianin profiling techniques can enable simultaneous
measurement of hundreds to tens of thousands of tadygtstunately to control the rate of Type
| errors during statistical hypothesis testing of all of these targets, researchers must apply multiple
comparisons corrections, greatly reducing their statistical power to detect differemoaitigate
this issue, feature selection is often performed to keep tanfjetswith expression above a
minimum andsufficienly varialde across the dat@.g.,highly variabletranscripts irsdRNA-seq
data) These featurereduction approaches areften combined withmore sophisticated
dimensionality reduction techniques to imprgegformance or statistical power

Dimensionality reduction represents one way to smooth across noisy measurements of
individual genes within individual cells (i.e. in scRMN&q). This is based on the principle that
scRNA-seq data has redundant informatiomasy sets of genes are-egpressed within the same
cells e.g.,because they are regulated by similar mechanisms, such as the same transcription
factors) By performing dimensionality reductioexpressiorpatternsof co-expressed genese

summarized by a low numbef variables(often fewer than 50 which (depending on the

algorithm) can ber e f e r r efdctory @condpsenenfs 0 Al at edadr viae madd e&isn
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d i me n sLinean dgnensionality reduction techniquégpically produce two matricesa cell-
embeddingvith values corresponding to expression of factors across aetlsa genembedding

with values corresponding to the weight of each gene within each factor. These two matrices, when
multiplied together, can reproduce(gomewhatsmoothell version of the originakxpression
matrix. In some approaches, additiorsiéps are takeim an attempt to enhaneeaintenance of
meaningful propertiesvhile smoothing over technical artifacts suctsparsityor library sizé®.

A handful oftraditionallineardimensionality reductioalgorithms including principal component
analysis (PCA) and nenegative matrix factorization (NMFhave been applied to singtell
genomic$®® but more success has been achieved with algorithms tailored specifically te single
cell genomics.In particular, nodels with informed design based on statistical distributions
expected or detecteth scRNAseq data (e.g. Zero Inflated Factor Analysis; A4¥) have
improved capture of biologically relevant details, such as differences between celitipmsgh
historicallymodels have included additioredroinflation parameter(s) to allow for moeeroes

in the data than expected, recent studies suggest Poisson or Negative Binomial distributions
efficiently model the technical errors in countbased sequencing without
overparameterizatidf-26>26% Combining treseinformeddesigns withBayesian inference (e.g.,
singlecell Hierarchical Poisson Factorization; scAPE% and deep neural networks (e.g.,
singlecell Variational Inference; sc¥i’) have further enhanced performance, providing
interpretableell-embedding$or downstream analysds addition to explicitly modelling sources

of technical artifacts in singleell transcriptomics,algorithm design choices camprove
faithfulness to biological properties (e.gQy, not enforcing factors be orthogonedsearchers can

study partiallyoverlapping regulatory systerd®
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Researchers have taken varioapproachesto develop and adaptechniquesfor
dimensionality reduction to multimodal datas&tst exampleby extending a Bayesian inference
framework tomultiple data matricesresearchers haveegeralizd factor analysiso multiple
modalities(Multi-Omics Factor analysi$MOFA?%9). As discussed above, howevperformance
improves wherconsidering the statistical distributions introduced by diffetechinical artifacts
across various singieell profiling technique€® Thus, eplicit attemptshave also been made to
model technical artifacts ispecific multimodal dataypes, includingCITE-seq (totalV®?),
SNATAC-seq peakVFE’), or paired transcriptome aratcessibility profiling (multivi’d).

For data visualization, nelimear techniqueglso known as manifold approximatiach
as Uniform Manifold Approximation Projection (UMAP$2’* and tdistributed Stochastic
Neighbor Embedding {ENEY’® have beemppliedto summarize thsimilarity (connectivity) of
cells across onl or 3dimensional mapsAlthough frequently employed for data exploration,
direct interpretation of these embeddings remains challenging due to thdinemmnaturé’>.
Manifold approximation of multimodal data typically involves generation of a multimodal
embedding using the above techniques (e.g., tot)ybut researchers have also found success
in separatelycomputingand then mergingonnectivitygraphson each modalityWeighted
Nearest Neighbors; WNIP). In addition to their utility in manifold approximation, both of these
approaches can also be applied itaprove cell clustering an essential development for
improving cell type annotatigff-2
Cell type annotation

Downstream of raw data processing, the first and most important basic analytical step for

singlecell sequencing is classification of individual cells, often in terms of canonical subisets
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vast majority of analytical tools, from differential expression analysis to trajectory inference to
statistical modeling with clinical cwariates, depend aime accuracy of thisrucial initial step.

Many analyticahpproachebave been applied t®ll typeannotatiorin SCRNAseq dat& 28 To
characterize cellular heterogenaitithin datasetsunsupervised clustering has been employed to
divide datasetinto groupsof cells sharing similar expression profi€s8 Following clustering,
researchers can manually annotate these groups of cells based on their alignment to knewn subset
markersand identify novel subsets and cell statlegportantly, howeverthe number, type, and
identity of clusters can be difficult to compare across steftli€€ In addition, there is no
guarantee that clusters identified by unsupervised methods will align to canonical subset
boundariesas unsupervised clustering segregates cells by the largest sources of wahation

are not always the most relevant for cell type. Thus, supervised approaches have also been applied
to address these drawbacks.

Supervised machine learning methadsorporatanolecular profiles of cells derived from
preannotated reference atlases or matiased definitiondo improve alignment of cellular
annotation with canonical cell typ€% Application of theséools ofteninvolves trainingvarious
machine learning models, including logistic regressiGellTypis®) or ensemble learning
(HieRFIT?®® and ImmClassifief®®), on a preannotated reference datagstiten applying these
algorithms to annotateells in the query datasdt.hi s pr ocess i s -lreeafrenrirnegdo .t
Employing additional preor postprocessing stepssuch asfeature selecticfi’, hierarchical
classificationstructure for progressive cell type annotatfé?) or averaging over unsupervised

clustering® haveimproved performance of various classification algorithms.
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Unfortunately, the accuracy and utility of translkiearningis limited by the quality of
annotation in the original reference atlas(es). Tools have been developed to gecemate s e n S U S 0
annotatiosacross multiple atlases annotated at varying granuifi# but this cannot overcome
classification for sample types, tissues, or contexts where reference atlases do no§fEtexist
Other supervised techniques use referdrex® methods to address these issues by relying instead
on literaturederived marker definitiort$2% CellAssign, for example, empleyprobabilistic
modellingt o predict how closely each cell ds transc
of known marker gené¥. On the other hand, Garn&tterages a useupplied hierarchy of cell
types and marker definition® selecthigh-confidence eventso train and apply aegularized
elastic net generalized linear modélTogether, these tools provide unique opportunities to apply
supervised techniques in contexts wheregmeotated atlases are low quality or not available but
are limited to annotating subsetsth well-defined marker expression. Thus, these annotation
techniques are often bemppliedin concert with unsupervised approaches.

Extending celtype annotation to multimodal singbell datasets remains a challenge.
Although paired profiling of multiple modalities (especially transcriptome with surface proteome)
provides great potential famprovingcell-type annotationalgorithmic approaches and pipelines
to use multiple modalities for subset annotation are largely still under development. Multimodal
embedding techniques (discussed above) can be appbedltte unsupervised clustering of cells
basedon all observed features dfeir molecular profil&22’6 but appropriately weightingach
modality can prove challengingarly attempts asupervised classification of multimodal data,
such asSEmi-supervised method for Clustering, classification, and ANnoTation of single cell

multi-omics (SECANT) did notovercome reliance on unsupervised clustéfihg morerecent
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development, scGatproposesanking cellsby theirexpression of key markersut still depend
on smoothing data across an unsupervised embeddifigus, there is a dire need for new
pipelines for applying supervised classification techniques to annotate multimodalcsithgle
datasets.
1.8 Thesis objectives

OQur I mmune sy ddfeadnadvast agdy of pathbgens anal inssiltsiven by
innate and adaptivenmune cells distributed across all tissues in the bdt. localization of
these leukocytes is essential for proper function, whether it be surveillance at barrier sites,
mediating celcell interactions in lymphoid hubs, oroordinating and supporting other
homeostatic tissugprocesses By residing in tissuesimmune cells adapt to the local
microenvironment andake on contextspecific roles.Although these processehave been
extensively characterizad murinemodels,thesegenetically tractable models do not accurately
reflect humartissue microarchitectur@mmunological historis, or lifespansThus,it is unclear
how tissuespecificity in human immune cells establishedr maintainednor what functional
consequences of this tissspecificity are.Additionally, immune cellsubsetheterogeneityand
specific molecular markers identifiednmicearenotalways onservedvith humans. This, coupled
with limited opportunities for sampling healthy human tissue, has led towamd disjointed
models of human cellular heterogeneity, limiting our abilitydissect tissuelriven cellular
adaptationgrom differencesn 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 tissueemune cells in discrete

microenvironmentsThen, we caprobe how these adaptations evolve over human lifegah
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how they relate tdhomeostatic function andgeassociated immune dysregulatidli s ar e
canonical tissueesident immune cells, but other immune subsets, including lymphocytes also
display features of tissuesidency in mice and humarBy relating tissuespecific signatures
across these diverse immune lineages gossible that we may identify broad molecular programs
driving tissuespecific processes

Our laboratoies areuniquely positioned to examim@mune cellsacross the human body,
isolated from tissues obtained through longstanding collaboration with organ procurement
organizationsRecent work in the laboratory has uncovetisduespecific signatures of T cell
subsets in some of these sitésas well anagelinked loss in phagocytic potential that occurred
in Mas of one t i s?§ Orekeyiinitationdnupteviousostudies, avevereis
our inability to precisely annotate variokeown immune cell subsetwith distinct functional
roles, especially thoseith highly similarmolecular profilesAdvancements in multimodal single
cell sequencing technologigsarticularly CITEseq,provide great promise for addressimgny
of thesdimitations however, new analytical approaches must be developed to maximize the utility
of these new profiling techniqgueBy integrating systems and experimetal immunology, our
goal is toexpand upon this work by developing the tools necessary to integrate, annotate,
and interpret multimodal single-cell data and applying these tools to interrogatetissue
specificadaptationsandager el at ed changes in T cells, B cel
We hypothesize thatsimilar molecular programs govern tissuespecific adaptationsacross
multiple immune subsets and acroshumans and mice andthat these programsrepresent

stably maintained features of cellular idertity .
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Our first objective is teexaminehow T cells are compartmentalized across lymphoid and
barrier tissues By integrating singlecell proteome and transcriptome profiling acresparate
samples, we describe the heterogeneitjushanTrm within lymphoid organs, lungs, intestines,
and skin and derive sitspecific molecular profiles associated with tissue resideéncgrporating
T cell receptor analysis, we show thai] in contrast with their circulatory counterparts, exhibit
site-specific clonal segregationThus, while circulating Tdel s di ssemi nate acr
tissues, kv populationsin humansappear to undergo sitestricted expansigrand take on
adaptations in celluladhesionhoming, and functiothat drive their longerm tissueresidence.

Our second objective is tdevelop new analysis strategies to improve the cellular
annotation of multimodal datasetgarticularly CITEseq Immune cell subsets have long been
described by surface proteome, using skugli profiling by flow cytometry. Unfortunatelyhese
functionally distinct subsets are not always well delineated by transcriptomic profiling. Even when
paired transcriptomic and proteomic profiling is available (e.g. via &dd),we identfy a trade
off between accuraayf subset identificatioand theamountprior knowledgesuppliedupfront for
annotation Specifically, we find that classifyingccording toa usersupplied hierarchy of cell
types each labeled with known markers, allows for substantially improved performance over
unsupervised methadr transfetearning models, even when multimodal profiles are provided.
While such detailegrior knowledgeas not availablen all settingsmarkers ofmmunological cell
typesarewell-characterizedWe createand evaluate eomputational framewordMMoCHi) that
employssupervised machine learning achievehighly accurate cell type classification from

multimodalsinglecell and spatial profiling data.
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Our final objective is t@pply ths new annotation paradigno refine our understanding
of immune cell heterogeneity atidsuespecific molecular adaptatiorad evaluate their impact
on age and functionin a largescalecollaborative effortwe created a1.2 million cellatlas of
human tissue immune celisross >10 tissusites from 24 human organ donors. Mining this data,
we were able to assess cellular heterogeneity across tissues, more precisely dispsttifsite
profiles, and assess agssociatecchanges inmmune cell phenotype®ur results reveal an
overlap in tissuespecific signatures across various lymphocyte and myeloid subsets, suggestive of
shared molecular programs. Moreover, we identified-agpeciatedffects that manifested in
specific subsets and tissues (e.g. macrophages in msitesabr kv in some, but not all, barrier
sites).Fi nal | y, focusi ng on thithemogeular @dfilescohtssue we
adaptatiorthat we discoveare stable ex vivo, in the absence of-specific signalingTogether,
these resultbelp elucidate the influence of tissue on immune cell phengtyykcate differences
in functional capacities of these cells across tissegsuggesthat tissuespecific adaptatiaos

are stably maintained by cefitrinsic mechanisms.
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Chapter 2. Materials and Methods

2.1 Acquisition and processing of human tissuand blood samples
Acquisition of tissusamples

Humanorgantissues were obtained from deceafa@dindead)organ donors at the time
of organ acquisition for clinicalifesaving transplantation through an approved protocol and
material transfer agreement with LiveOnNY, the organ procurement organization for the New
York metropolitan area, as previously descridéf-2°62%8 Donors were free of cancer and
seronegative for hepatitis BepatitisC, and HIV. This study does not qualify as hursabjects
research, as confirmed by the Columbia University IRB, as tissues samples were obtained from
deceasedndividuals. Tissues were also obtained through the Cambridge Biorepository for
Translational Medicine (CBTM), REC 15/EE/0152 as previously descfibeBecause of the
different amounts of tissueacquiredand some distinct samptgpes (e.g., liver and colon)
obtained at each location, protocols for processing differ as described below.
Acquisitionand processingf healthy blood samples

Peripheral blood from consenting healthy volurgeeere obtained by venous puncture,
through a protocol approved by the Columbia University ([RBIMC IRB AAAP8763 and
complying with relevant ethical regulations for work with human participants.

Peripheral blood mononuclear cells (PBMCs) were isolated from fresh sawiple
peripheral blood using RosetteSep Granulocyte Depletion Cocktail (StemCell Technologies),
foll owing manufactureré6s protocols for densit

incubated with the cocktail at 20°C for 10 minutes, diluted 1.1 &GS buffer (DPBS 10% FBS
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2mM EDTA), then layered over Ficelflague 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 farut®sywith 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 Universityissue processing

Each tissue was subjected tdissuespecific protocol to maximize mononuclear cell
(MNC) recovery and viability across a diversity of sitésA series of detailed protocols are
available onprotocols.id®* 3%, Blood samples and bone marrow aspirates were diluted 1:4 and
layered directly onto Ficolbaque for density centrifugation (1200 x g for 20 minutes at 20°C) and
subsequent mononuclear cell isolation. Spleen samples were mechanically digested witf) scissor
and mashed and washed through a 100 em filter
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 layeredFicollpaque 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 sciaedrs
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 wa sidnefdPBScontamiongdo¥h a 10
(viv) 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% (vAS, FBd layered onto
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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 resuspendddiitiMedia
with 10% (v/v) FBS, and layered onto Ficplque 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 fong@&mwith 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
(v/v) FBS and 2 mM EDTA to collect the EL faon, which was stored on ice until the LP fraction
had been collectedn 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
em filter with a solution of PBS contelhi ning
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 resuspahdstbiM Media with

10% (v/v) FBS, and layered onto Ficplhque for a density centrifugation step (1200 x g for 20
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minutes at 20°C) and subsequent mononuclear cell isol&ticases where the site is referred to
as total jejunum (JEJ), the JEL and LP samples were pooled prior to downstream analysis.

Skinsamples obtained from the abdomen near the incisiowsitearefully 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 37°C using thenan Skin Dissociation Kit (Miltenyi). The following
day, mononuclear cells were washed and isol&edr toT cell receptor sequencing or cytometry
by time of flight, single cell suspeinsis were then cultured at 37°C overnight to recover cleaved
surface proteins.

University ofCambridge tissue processing

Each tissue was subjected to a tisspecific protocol to generate a single cell suspension
of immune cells that has been publishedmitocols.id®. Blood and bone marrow aspirates
(sternum) were diluted 1:1 with PBS and layered directly onto Fiemle for density
centrifugation (1200 x g for 20 minutes af@) and subsequent MNC isolation.

Spl een and al l l ymph nodes were mechani cal
filter with a solution of XVIVO-15 (Lonza) containing 1% FBS. The single cell suspension was
spun down (600 x g, 10 minutes af@Pand resuspended inYIVO-15 containing 1% FBS and
layered directly onto Ficolbaque for density centrifugation (1200 x g for 20 minutes @@ @énd
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 miVIXO-15 and 2.5 mL

collagenaseThe tube was loaded onto the gentleMACS instrument and a program run that loops
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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
rpom 1 second, spin 1900 rpm 3 seconds) followed by a longer incubat8ACawith gentle
mixing (loop twice through spin 50 rpm 15 min, spin 350 rpm 20 seconds) taking 32 minutes in
tota. We added ~20 €L 0.5 M EDTA to give a final
collagenase and passed the digested tissue throughae m f i | t er WIMOHKHS5 a s ol
containing 1% FBSThe single cell suspension was spun down (600g x 10 minute8Gt&td
resuspended in-X1VO-15 containing 1% FBS and layered directly onto Fipaljue for density
centrifugation (1200 x g for 20 minutes af@) and subsequent MNC isolation.

Jejunum tissue was processed to isolate cells from the epithelial layan@EL)e lamina
propria (LP) based on a previously published prof8€orhe 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 mEMI¥/® -15 containing 2
mM DTT, 5 mM EDTA and 1% FBS andéubated at 3T for 20 minutes. This was repeated
twice and the chemical digestion solution con
filter with a solution of XVIVO-15 containing 1% FBS. The remaining undigested jejunum tissue
was transferredto a gentleMACS tube containing 2.5 mL-\WVO-15 and 2.5 mL
collagenaseThe tube was loaded onto the gentleMACS instrument, aneh@r8e mixing and
digestion program was run, as describped abt&We. added ~20 €L 0.5 M EDT
concentrabn of 2 mM to neutralize the collagenase and passed the digested tissue through a 70
em filter wi-VINO-8 cantihingtl% EBS resufting ¥ the LP cells. Both the EL

and LP single cell suspension were spun down (600 x g, 10 minute¥ CaiaPd resuspended in
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X-VIVO-15 containing 1% FBS and layered directly onto Fipaldjue for density centrifugation
(1200 x g for 20 minutes at 20) and subsequent MNC isolation.

Skin was processed using a protocol developed by the Haniff& [@he subcutis layer
was carefully removed from the skin tissue, the remaining skin was digested in dispase for 2
hours at 37C to allow the epidermal layers to be peeled from the dermal |Bggh the epidermal
and dermal layers were washed in PBS to remove any residual dispase and then digested in
collagenase at 3€ 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
t hr ough fider Wit a solotion of XVIVO-15 containing 1% FBS. The single cell
suspension was spun down (600 x g, 10 minutes %€)28nd resuspended in-WVO-15
containing 1% FBS and layered directly onto Figmbjue for density centrifugation (1200 x g, 20

minutes at 28C) and subsequent MNC isolation.

2.2 Experimental details specific toChapter 3

A list of donorsandwhich tissues were used in this study, including donor characteristics
and the assays performed with samples from each donor, is presenadei3.1.
Cytometry by timef-flight (CyTOR

Single cell suspensions from each tissue site were labeled with viability rmarkeir03
intercalator. Then, cells from each tissue were barcoded using a unique combinatorial barcode of
CD45 antibodies conjugated to monoisotopic cisplatin. Barcoded amihsdfach tissue site were
pooled, stained with a panel of cell surface marker antibodies, and then washed, fixed, and
permeabilized (eBioscience Transcription Factor Staining ¢édt# 00553200). Afterwards,

pooled cells were stained with additional boties 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 includedable2.1.

Data acquisition waperformed by the Human Immune Monitoring Core at Icahn School
of Medicine at Mout Sinai. Prior to data acquisition, samples were washed once with PBS,
washed once with dienized water, and resuspended at a concentration of 1 million cells/mL in

deionized water containing a 1:20 dilution of EQ 4 Element Beads (Fluidigté 201078

Table 2.1 CyTOF antibody panel

Target Tag Clone Source Target Tag Clone Source
CD45 89 Y HI30 Fluidigm | Tcfl | 159Th | 7F11A10 | Biolegend
CD57 | 113In | HCDS57 | Biolegend | CD14 | 160Gd | Mse2 | Biolegend
CD28 | 141Pr | CD28.2 | Biolegend | CD56 | 161Dy B159 BD
CD19 | 142Nd | HIB19 | Biolegend | gdTCR | 162Dy | REA591 | Miltenyi
CD45RA | 143Nd | HI100 | Biolegend | CXCR5 | 163Dy | J252D4 | Biolegend
CD103 | 144 Nd | Ber-Act8 | Biolegend | CD69 | 164 Dy FNso | Biolegend
CD4 | 145Nd | RPA-T4 | Biolegend | CRTH2 | 165Ho | REA598 | Miltenyi
CD8a | 146Nd | RPA-T8 | Biolegend | CD25 | 166 Er | M-A251 | Biolegend
Perforin | 147 Sm dG9 | Biolegend | CCR7 | 167 Er | Go43H7 | Biolegend
CD16 | 148 Nd 3G8 | Biolegend | CD3 | 168Er | UCHT1 | Biolegend
CD127 | 149 Sm | A019D5 | Biolegend | Thet | 169 Tm 4B10 | Biolegend
CDic | 150 Nd L161 | Biolegend | CD38 | 170Er HB-7 | Biolegend
CD123 | 151 Eu 6H6 | Biolegend | CD95 | 171 Yb Dx2 | Biolegend
CD66b | 152Sm | GI10F5 | Biolegend | LAG3 | 172Yb | 11c3ces | Biolegend
TIGIT | 153Eu | MBSA43 | Fluidigm | CXCR4 | 173 Yb 12G5 Fluidigm
ICOS | 154 Sm | C398.4A | Biolegend | HLADR | 174 Yb L243 | Biolegend
CD27 | 155Gd | 0323 |Biolegend | PD-1 | 175Lu | EH12.2H7 | Fluidigm
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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.
Fluorescencectivated cell sorting (FACS)f T cells

For FACS, cells were stained while protected from light using antibodies listeable
2.2. Briefly, cells were washed with FAG&uffer (PBS with 2% hedbhactivated FBS), then
resuspended in Human TruStain FcX (BioLegend, cat# 422302), followed by surface staining with
fluorochromeconjugated antibodies in FAG&uffer (20 min. at 25°C). Cellwere sorted using
BD Influx Cell Sorter using the strategies shown Tncellsfor singlecell RNA sequencing were
sorted into sterile filtered heatactivated FBS. Tellsfor high-throughput bulk TCR sequencing

were sorted directly into cell lysis solution (Qiagen, cat# 158906

SSC
Trigger Pulse Width

FSC Live/Dead

CD3+CD8+ T cells
and
CD3+CD4+ T cells
sorted for TCR-seq

SsC
CcD8

Y.

CD3+ T cells
sorted for scRNA-seq

Figure 2.1 Gating strategy for T cell isolation by FACS.
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Table 2.2 T cell sort FACS panel (related toChapter 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

High-throughputT Cell Receptor (TCRequencing

For TCRseq, DNA was isolated from FACGSrted T cellaising the Gentra Puregene Kit
(Qiagen, cat# 159667mput DNA and numbers of replicates per samplelisted in Table3.2.
Targeted PCR was used for amplificationf&Bsequences from genomic DNA, using a cocktail
of forward primers specific for framework region 2 (FR2) sequences dRB3/subgroups (gene
families), andreverse primer i3 TRBJregiors; primers wereadapted from the BIOMED?2
primer serie§Table2.3andTable2.4; IDT)3%, Libraries were sequenced using an lllumina MiSeq
in the Human Immunology Core Facility at the University of Pennsylyasiag2x300 bp paired
end kits (lllumina MiSeq Reagent Kit v3, 600 cycle, lllumina, cat# MS3023.
Paired sngle-cell sequencing dfranscriptomes and TCRs

Usingt he Chr omi um Next GEMvX(LOX Génemics)soitet T 506 Re
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 eatl§. Single cell libraries were
constructed using manufacturer's proto@dsequenced on ldovaSeq 6000TCR sequencing
libraries were prepared with the V(D)J enrichment kit from 10X Genomics, follopriogded

protocols. Thes&CR libraries were sequenced omNaxtSeq 500 (llluminaplatform.
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2.3 Experimental details specific toChapter 4

A list of donorsandwhich tissues were used in this study, including donor characteristics
and the assays performed with samples from each donor, is presenadeid. 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 incubat&@ fomutes. We
designed a FAGSort antibody cocktail, prioritizing antibody clones with discrete epitopes from
the TotalSegA Universal Human Panel (BioLegend) to reduce steric hinderance duringsetj E
staining Table2.5). Cells were incubated with the FA&Brt 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 Total&ddniversal Human Panel (BioLegend) f80
minutes, according to manufacturer instructions. Samples were washed thrice with FACS buffer.

Cells were sorted using a FACS Aria Il (BD Biosciendegjure 4.3a). Seven T cell
memory populations (CD4Naive, CD4 Tcm, CD4" Tem, CD8" Naive, CD8 Tcm, CD8 Tewm,
CD8" Temra), and monocytes were sorted into sterile, heat inactivated FBS. Sort purity was
calcul ated as the number of events falling wi
singlet eventsimes 100, using the same gating strategy as thelgrré4.3a). All sorts were
high purity, with mean purity 94.4% éble4.2). Sorted populations were washed in FACS buffer
and resuspended in TrueStain FcX (BioLegend) for 10 minutes. Samples were then stained with
TotalSegA hashtag antibodies (BioLegend). In this experiment, the hashitags (HTOs)

correspond to the sortethinune cell subsets (HTO1: CDHlaive, HTO2: CD4 Tcm, HTOS:
68



CD4" Tem, HTO4: CD8 Naive, HTO5: CD8 Tcm, HTO6: CD8 Tem, HTO7: CD8 Tewmra,
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; Table4.1), as described*. 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 TotalSed hashtag antibodies (BioLegend) for each tissue. For each donor, the hash
taggedMNCs from each tissue site were pooled, washed with FACS buffer, and stained with the
TotalSegA 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 Chromiunmarstrtargeting
10,000 cells each. cDNA synthesis, amplification and sequencing libraries were generated using
t he Next GEM Single Cell 36 Kit v3.1 (10X Gen
compatibility with the TotalSed cell hashing and CIE-seq reagents (BioLegend). Organ donor
GEX libraries were sequenced on a NovaSeq 6000 (lllumina) 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 28ycles for read 1 and 44 cycles for read 2.
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Table 2.5 Panel for FACS of T cell memory subsetéelated to Chapter 4)

Target Clone Fluorophore Source Catalogue number
CD45 MB4-6D6 APC Miltenyi 130119764
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 JS83 FITC ThermoFisher 11-997942

TCRGD | REA591 PE-Vio770 Miltenyi 130113513
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 toChapter 5

A list of donorsandwhich tissues were used in this study, including donor characteristics

and the assays performed with samples from each donor, is presenadeib. 1.

Columbia University sample cleanup

All single cell suspensionfom Columbia Universitywere centrifuged (400 x g, 10
minutes at 4°C) and washed twice with PBS containing 5% (v/v) FBS and 2 mM EO&ls
were counted using the NZD00 Cell Counter (Chemometec), and 50 million viable cells from
each site were treated with Trustain FcX (BioLegermd) FCR Blocking Reagent (Miltenyi). Cells
were subsequently labeled for 30 minutes at 4°C with biotinylatedC&86B, antiCD235ab,
antrCD326 to remove granulocytes, red blood cells, and epithelial cells respectively via
streptavidincoated magneticgsticles and negative selection (Bangs Laboratories). All single cell
suspensions were subjected to dead cell removal using a Dead Cell Removal Kit (Miltenyi).

Columbia Universitymultiplexingand CITEseq 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 fonbes, 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. Eackabashs spun at 14,000 x g
for 10 minutes, and 1 pL of hashtag was added to each ftieesamples 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) FBSch2 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 werssuspended in reconstituted TotalSetyniversal
Cocktail (BioLegenyland cells from all other Columbia donors wersuspended in reconstituted
TotalSeqC 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 1guspension in a final volume of 1 mL.

University of Cambridgenultiplexingand CITEseq 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 lebind DNA tubes. Cells were centrifuged at 400 x g for 5 minutessupernatant
removed and resuspended in 50 ¢l PBS contain

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 1uL 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 contairtidgpoBSA. 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 TotalSegC Human Universal Cocktail (BioLegend) was reconstituted by adding
27.5uL of Cell Staining Buffer (BioLegend) and vortexed brieflyhe CITEseq cocktail was
incubated at room temperature for 5 minutes and then spun at 14,000 x g for ¥ numsllet
any antibody aggregate©ne vial of CITEseq 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 wabhee times with PBS containing
0.04% BSA.The cells were resuspended in 50 Oul PBS containing 0.04% BSA and passed through
a 40 um Flowmi pipette tip filter to remove any clumps of cells.
Library preparation and sequencing

For scRNAseq 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 ReagredntBCrR 1p air
VDJ | i braries were prepared from samples mad

sequenced on either an lllumina HiSeq 4000, NextSeq or NovaSeq 6000 instrument.
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2.5 Experimental details specificto Chapter 6

A list of donorsandwhich tissues were used in this study, including donor characteristics
and the assays performed with samples from each donor, is presenaddeie. 1.

For BLD, LNG, and SPL samplesurther erythrocyte depletion was accomplished by a
brief (2 min) incubation iIMCK lysis buffer (Gibco) at 37°CTo deplete epithelial cells from the
JLP, samples were incubated for 5 min in TruStain FcX blocking buffer (BioLegend), stained for
10 min wi t h-COB26pand subjedted to aedatite selection by streptavidin and annexin
V microbubbles followingrm nuf act urer 6s instructions (Akade
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, incuthdie 10 min in
TruStain FcX and Monocyte Blocker (BioLegend) and stained with surface antibodies for 20 min
(Table2.6). Samplesvere sorted using a FACS Aria Il (BD Biosciencesisolate monocytes and
MO s ( Ca@p33xCD3 CD19 CD66b CD117 CD326 cells;Figure6.7a, Table2.6).

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-2&ll Nunc UpCell plates (ThermoFisher) either
untreated, or treated with 0.02¢g/ mL R&8S (Sig
Systems), or 20ng/mL recombinant humarH(R&D Systems). UpCell plates were incubated on
ice for 20 min for norenzymatic cell dissociation. Culture supernatants were cryopreserved, and
samples were stained for 30 min with Total§2d#lashtags followig manuf act ur er 6s
(BioLegend). Samples were counted, pooled at equal proportions, treated with human TruStain
FcX and stained for 30 min with TotalS€g Uni ver s al Cocktail foll

directions (BioLegend). Samples for each doneranoaded across two lanes of a 10X Genomics
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Chromium instrument targeting between 8 @000 cells each. cDNA synthesis, amplification,

and sequencing |ibraries were prepared wusing

and sequenced on a NovaSeq X (lllumina) with 100 cycles for read90astles 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 squencinglibraries

Bulk TCRsequencinglignment

Raw reads are first processed using pRESU®7.0 and filtered as previously
describeef31931! Briefly, sequences are trimmed of paprality 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 ssiéh tmmseved
from further analysig=iltered sequences were further processed by ImmuneDB v&#2%4vith
identical TRBV and TRBJ gene segments and CDR3 amino acid sequegoasped into
clones31% We required that a unique sequence be detected at least twice (within an individual)
to be designated a clorie reduce over estimation of clones due to sequencing eblorses with

only 1 sequence copy were discarded.
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Singlecell TCRsequencinglignment

The scTCRseqreads were uploaded to théx Genomics cloutbased analysis framework
CellRanger pipelin@6.0.1 to define clonotypes, which are based on CBiRBeotidesequences
of both TCR alpha and beta chaii®ngle Cell TCR sequencing libraries were aligned to the
vdj_GRCh38_alts_ensembl0.0 reference using Single Cell V(D)J -B2ly chemistryand
guantified Using the CellRanger pipeline, clonotypes associated with invariant T cell populations
(MAIT cells; mucosalassociated invariant T cells) wadentified byTRAgene usagelRAV12,
and any ofTRAJ33 TRAJ20 TRAJ12, TRB gene usageTRBV20or TRBV§ and previously
published CDR3 junction amino acid sequences for human MAIT Ttells
Singlecell RNAseq and CITEsegpseudoalignment and alignment

Pseudoalignmertf reads to th&RCh38transcriptomevith Gencode v24 annotatiovas
performedfor scRNA-seqlibraries generated i@hapter 3and Chapter 4 Pseudoalignment was
performedusing kallisto v0.45.Zfor Chapter 3 orv0.46.2(for Chapter ¥i n @ BU $%*¢mo d e
A raw count matrix was generated using bustools v@?#aad filtered for higkconfidence cell
associated barcodes using the EmptyDrops algotithm

For CITEsegand hashtag libraries producedGmapter 4 antibodyderived tag (ADT)
and hashtagligo (HTO) barcodes were demultiplexed and extracted using DropSeqgPipeline8, as
previously described®. Hashtags were demultiplexed by CLR normalizatieméans clustering,
and statistical identification of singlets by fitting a negative binomial model as desétibed

Direct dignment was performetbr all libraries generated i€@hapter 5and Chapter 6
using Cell Ranger from 10x Genomitdv6.0.0(for Chapter $or v7.1.0 (forChapter & with the

appropri at e cfhievime psrfiSye306). /e added thé dell hashing antibody and
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the protein antibody fastgs to a single caltelfranger countWhen available,mnmune receptors
(TCR and BCR)werealigned usingcellranger vdj TCR and BCR alignment results from Cell
Ranger were used for quality control and filtering of dquality 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 dised and the cell was labelled as a multiplet. For all alignments, we used
reference genomeefdatagexGRCh3-2020A and immune receptor referenaefdata
cellrangervdj-GRCh38alts-ensembb.0.Q

All GEX count matrices were normalized to log(counts*10,000/total_countsfdl) ADT
expressiorrtountmatriceswere normalized to log(counts*1,000/total_countsth)ess otherwise

specified.

2.7 Analysesspecific toChapter 3

CyTOF data analysis

Data were normalized using bebdsed normalization in the CyTOF software and
uploaded to Cytobank for initial data processirgr 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 @RA5 Rh103live single cells
for subsequent analysis. FCS express software was used to gatedll§3vhich were then
inputted to @wnstream analysis and visualization perfed using custom Python script.
Specifically, dimensionality reduction was performed using Python implementation openTSNE
v0.3.11to generate tSNE-Distributed Stochastic Neighbor Embedding) plots. Then, clustering

was performed using Python implementation PhenoGvaph2 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/0.9.1.
Bulk TCRsequencing analysis

For analysis ofTRBVand TRBJgene usage, heatmap visualization was generated using
CalcSegmentUsage function of VDJtowls 2.2 Principal component analysis was visualized
using thefactoextrapackager1.0.7in R. For clonal overlap analysis, using lhemunarchv0.6.7
package in R. Clonality was calcul ated using
userdefined breaks at 1:10, 11:100, 101:1000, and 1000+, and quantified for statistical analysis
by abundance of the top 100 clones. Overlap analysiswasopperme d using t he Amor
of the repOverlap functiorwhich calculates extent of sharing based on clonal abundance and is
robustacrosglifferentsample size€%3?! This index wasthen averaged across donors and plotted
in a clustermap usingeatmap2Network representations of this data were generated using the
network and ggnet2 functions of t@&allyv2.1.2 andchetworkvl1.17.1 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 clonesnfrthe jejunum, skin, lung, and blood ridkes (spleen, blood,
bone marrow), using the TrackClonotypes function.
scRNAseq workflow and analysis

Count matrices were then processed in the Pydbhanpypackages1.9.0. Events between
1000 and 25000 total counts, between 700 and 4000 genes, and less than 25% mitochondrial counts

were kept. Highly variable genes (HVGSs) 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 theat®heeighbors, which was used

to generate a UMAP and run Leiden clustering, wdnpypackage default settings. Differential

gene expression for the Leiden clusters was calculated usiWgjltoxon mode and tie correction

in the rank _genes_groups ftion. To exclude nofT cell contaminants, lasters identified

without CD3E or PTPRC(CD45) expressionor enrichment of one of the following lineage
markers:CD19 CD1A SDC1 FCGR1A CD14were 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 Pythoonypypackage, then
nearest neighbors atdMAP were calculated as described above.

Leiden clustering was performed at a resolution of 3, differential expression was
calculated, and clusters enriched for specific CBdd CD8T cell subsets were annotated. To
investigate barriesite Trm SignaturesTrm 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 ranknege groups with the same parameters above. Volcano
plots were created using thainfokit package v2.0.8. Overlap of significantly upregulated genes
(log-fold change > 1, adjustedvyalue < 0.05) was plotted using thatplotlib_vennpackage
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_heatmamifuinscanpy Dot plots of selected
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genes were created using the rank_genes_groups_dotplot functmanpy UMAP calculation,
sub-clustering, and differential expression across Leiden clusters o skimere 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. CD4nd CD8T cell clonalexpansion 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 hyperexjandggiras (>
45 cells sharing a clonotype), donors were analyzed separately. After isolating hyperexpanded and
less expanded (< 5 cells sharing a clonotyfg)/ Temra from each donor, the top 1000 highly
variable genes were identified, and PCA was rerun. A dendrogramenasated using 30 PCs,
the ward method, and optimal ordering, and we identified two clusters of hyperexpanded clones.
These groups and less expanded/Temra Were subsampled, the count matrices deampled,
and differential expression was performed with the settings described above. Genes were selected
as the intersection of differentially expressed genes across both daoigptots of selected genes
were created using the rank_genes_groups_dotplot functsmanpy

Becausehere was noverlap between CD4nd CDS8T cell clonesas expected!and to
account for CD#% and CD8T cells that may have been misclustered, clones dominated by
expression of either CD4 or CD8A (>f@d enrichment of CD4 or CD8A) were labelled as CD4
or CD8 associated clones for analysis of clonal overlap across tissumeshe total number of
cells in each siteSimilarly, because MAIT cells are clonally restricted, cellsckustering with
CD8'MAIT T cells, but with clones lacking MAIT evidence by TRA, TRB, or CDR3 junction (see

above), were reannotated as CD84/Temra for clonal overlap analysisVhere appropriate,
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analyses were repeated with a subsampled fraction of the dataset (156r @DB'T cells per

site) to normalize cell numbers across sites. Clonality for each subsampled site was calculated as

describedf331* given a clone, denoted x, frequency denoted p(x), and total set size of unique

N

clones denoted lg O € € wdt "Qp w

Statistical analysis

Statistical analysisvas performed using Prismoftware(GraphPadv8.4.3. Results are
shown withSD unless otherwise indicate8tatistical significance was determingesingtwo-way
repeated measuNOVA with multiple comparison testingusiigu k ey 6s mul t i pl e
test P-values below 0.05 were considered statistically significant. For all figures, **** depotes
¢ 0.0001, *** denotesp ¢ 0.001, ** denotegp ¢ 0.01, and * denotes p 0.05. Statistical
significance for differential expression analysis wakulated using a twsided Wilcoxon with
tie correction, followed by a Benjamiiochberg adjustment for multiple comparisons.
2.8 Analyses specific taChapter 4

Details abouthe algorithmic design and implementation of MiMtodal Classifier Hierarchy

(MMoCHi) can befound 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 developedHigure 4.2b) and classification performed using the algorithm above. In flat
classification variations (MMoCHi Flat, MMoCHi GEX Flat), higlonfidence thresholding and

classification were performed for all subsets in a single classification node. In GEX variatipns (
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MMoCHi GEX, MMoCHi GEX Flat, etc.), ADT expression data was excluded from the detection
ofinnrdanger noise events andrefodomrianest(ergin
ref, MMoCHi GEX Sortref, etc.), training events were selected usingstir¢ labels instead of
high-confidence thresholding. For benchmarking tests, to mirrordataset performance testing

of other referenceased too*?25and avoid leaky prerocessing bigé?a portion of the dataset

(20%) was set aside to only be used for performance evaluation (completebuhé&ldm the

delineation of higkconfidence thresholds, training data selection, random forest training, random
forest calibration, and any manual aatomatic hyperparameter optimization). To verify the
benchmarking represented consistent trends when comparing MMoCHi to other tools, we applied

5f ol d cross validation and reported the mean
performance was alsedted by subsampling training event numbers and downsampling reads.
Random subsampling was performed onrthmber ofmonocyte or CD8Tcwm events included in

the training dataset, down to 5% of the taffiahonocyte/CD8 Tcm events profiled. Aligned reads

for GEX and ADT libraries weredownsampgd prior to generation of rasount 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 Scanf3y 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 meti#étl as recommendé¥ (scvi.model. TOTALVI.trairand
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scvi.model. TOTALVI.get_latent_representatiosing scwitools v1.0.2). To ensure results of
totalVIl 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 nghbors 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 repeattm subcluster 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, UMARanpy.tl.umapembeddings
of each of these feature spaces were calculated using defaults.

ImmClassifief®®, CellTypist®* and HieRFIT& were applied as recommended, using pre
trained models downloaded from online. ImmClassifier was run wegerwith the builtin
model, trained by inputting a le@ounts*10,000/total_counts+1) transformed GEX matrix, as
recommended. Cell Typist v1.6.2 was run by aprtg
(trained on PBMCs from healthy individuals and individuals with COXB¥) with and without
majority voting enabledcglltypist.annotate CellTypist MV and CellTypist, respectively). A
HieRFIT v0.1.0 model trained on 10x PBMC data was applieRFIT::HieRFIT) with defauls.

Garnett®®> models were trained using higionfidence thresholding with the provided
online hierarchy (Provided Markers) and on manually and automatigaindtt::top _markers
selected transcript markers which were evaluated using -ibuiltfunctions
(garnett::check_markersManual Markers;Table 2.7). Garnett v0.2.20 models were trained
(garnett::itrain_cell_classifier with  marker propagation disabled and prediction

(garnett::classify_cellsyvas performed with cluster extension disabled.
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Additionally, CellTypist, HieRFIT, Garnett, CHETAH, scClassify, and Matilda were
trained using the HT@erived sort labels as a reference dataset and evaluated using a 20% hold
outwithfivef ol d cross v @lfiodat iAorCe( i Soghiceltypist.traind el wa
with two-pass training enabled for feature selection. This model was applied touteldta with
and without majority voting enabled (CellTypist MV Seoef and CellTypist Soxtef,
respectively). HieRFIT and Garnett models were batained HieRFIT::CreateHieR
garnett::train_cell_classifier using a hierarchy structured identically to the MMoCHi hierarchy
(Figure4.2b) and applied to heldut data (HieRFIT Somtef and Garnett Soref, respectively).
CHETAH and scClassify hierarchi es -innafgorilimsgener a
using default settings during training on the Hi@i€ived sort labels. ThecClassify model was
trained using an ensemble method of #fteshture ¢
Bartl ett ds tSesnby, testKkamd thecbgnodalilyvindex € | ect Feat ur es =c (
Al i mmao, A DV o0),anditl@BsBiftcgtionfiv8siperfdrmed using an ensemble of similarity
metrics: Pearson correlation, Spearman correlation, Cosine similarity, Jaccard index, and Kendall
rank correlation coefficients(i mi | arity = c¢(fApearsono, Aspear
Akendal | da, r@wkkesgrhades were applied to and evaluated on theohtldata
as described (CHETAH Seréf; scClassify Ensemble Sesf). Additionally, scClassify was
evaluated using the reported bpstforming single featurselection and similarity metric
combhnation (scClassify Pearson DE Spef). Matilda was trained on raw gene expression counts
or on both raw gene and protein expression c
Amain_matil da_train. pyo s crnappiesltoheldetsddgeeusingi vel y

the fimain_matilda_rna_task.pyo and fAmain_mat.
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ATrueo and eval uat ed aref,Madda Sarrefp @eldTypisMHIdRFIT,d a GE >
and Garnett were each also retrained using the combined multimodal matrix of GEX and ADT
expression (AMulti o). To c o e ratiethecheak xpredsionol s t «
parameter in CellTypist functions and tieparameter in Garnett functions were disabled.

Precision, recall, F1 scores and overall accuracy were calculated using sort labels as truth
(sklearn.metrics.precision_recall_fscore_suppskiearn.metrics.accuracy_scoré&1 score was
calcul ated as the harmonic mean of precision
calculated as the total percentage of events that received identical labels between two methods.
Garnett and HieRFIT can provide unknown and intsiate cell type labels, which were
guantified and excluded from performance metréalculations. Preained 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 subsetamg of interest) cell type labels, which were also

guantified,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 CDS8 T cell GZMK, LYAR

CD4 EM CDA4 T cell CCL5, SEZ6, LYAR, S100A4

CD8 EMRA CDS8 T cell GZMH, GNLY, FGFBP2, GZMB, LYAR
CD8 Naive CD8 T cell GIMAP7, FHIT, SELL, CCR7

CD4 Naive CDA4 T cell GIMAP7, FHIT, SELLCCRY7

CD4 CM CDA4 T cell LYAR, SELL, CCR7
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Analysis of ADT batchkorrection with published CITEeq data

To test landmark registration against other, published &Bdenormalization techniques,
we used four public datasets of CFEEq performed omealthy PBMCs available from 10x
Genomics [igure 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 tharbailtomatic peak detection. CLR
and dsb normalizations were performed using the Muon patRa@el.5 (uon.prot.pp.clwith
axisset to 1muon.prot.pp.dsb The dsb algorithm uses empty droplets to identify pregparcific
noise originating from unbound antibodi#s Empty droplets were defined as events that
contained between 2 and 3 {e@DT-counts), or (for 5k_pbmc_3p) between 1.5 and 2.8
logio(ADT-c ount s) in the provided wunfiltered (Araw
matrix. Isotype controls (IgG1, IgG2a and IgG2b) were then used to remogpeeilic noise, as
described?’. 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, CD45R0, CD56, CD127;1R@nd TIGIT). Nearest
nei ghbors were computed using fAispear manr o as t
bestpreserve each integration method). Batch integration was quantified with adjusted rand index
(ARI) (sklearn.metrics.adjusted_rand_scpr€o test whether lamdark 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 classificeon was tested by applying MMoCHi to classify subsets across
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batches tdog(CP1k+1jtransformed 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 intesample multiplets, this method cannot detect multiplets between
cells from the same tissue site. Thus, multiplets were detected by eS€fubl
(scrublet.Scrublet.scrub_doublgtsising default settings, an expected doublet rate of 0.015, and
applying separately to each libraiigsue combination of over 100 events. Cells were then filtered
to remove events with fewer than 1000 unique counts, fewer than 600 genes detected,8ove
hemoglobin counts. We used a cludteased method to remove events either identified as doublets
by Scrublet or with high mitochondrial counts, similar to the previously described percolation
method®:. Briefly, a PCA on highly variable genes was calculated, integrated using H&rhony
(scanpy.external.pp.harmony_integhatand 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 hierarchyrigure 4.7d; Table4.5) and performed classification
using the algorithm above. Due to insufficient numbegspwere 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 higbnfidence thresholded but excludeahfrthe 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 heldout, highconfidence eventsa(v e r a g e = . V&mii ingphrity-based feature
importances were automatically calculated during random forest training bylsaikit Manual
annotation and UMAP calculation were performed on the totalVI latent space, as described above.
The clustered dendrogram of cléissd subsets in each donor was calculated
(scanpy.tl.dendrograjron 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., MMaissified CD8 T cells that were
manuallyannotated as CDA cells against manuaHlgnnotated CDS8T cells that were MMoCHi
classified as CD4T cells) on the ADT expression or GEX matrices.

Pretrained classifiers were applied to organ donor PBMC events that were classified as
one of: CD4 Naive, CD4 Tcm, CD4" Tem, CD8" Naive, CD8 Tcum, CD8 Tem, CD8" Temra, OF
classical monocytes. MMoCHi or Garnett models trained on the sorted FACS dataset (FACS
trained MMoCHi, FACStrained MMoCHi GEX, and FAC®ained Garnett) or prrained
ImmClassifier or CellTypist models were applied as described above. For Immi€fassif
CellTypist, and Garnett, Alternative, Unknown, or Erroneous classifications qguargified as
described above.

To display of features associated with each subsgtife4.14), the top important features
with a log(fold-enrichment) > 2 for that subset. For identification of transcriptomic markers for
Naive T cells and dw (Figure 4.15), MMoCHi models were retrained at the CDahd CD8

Naive/Tcwm level, given the same multimodal higbnfidence thresholding, but trained on only the
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GEX matrix. To ensure these GEX markers were not learned through -gjssciéc
contamination, additional models were trained using only T cells from -@lgaor blood, and
features displayed had to be in the top 1% of important features in both moaletsprbve
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 CIEEq,we used three public datasets:
Ab-seq of sorted T and NK ceif§ scRNAseq of a glioma biop$§f, and Xenium of a human
lymph node and breast cancer biof8gbtained from 10x Genomics. For the-8&q dataset, only
resting cells were wused. 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
describedabove. Manual annotations of these clusters were highly congruent with published
annotations?® 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 malignast cells,
described’®. 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). Gerex pr essi on probes mar keKoas fAn
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 abaVerphological features were
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calculated using the nucleus and cell boundaries, as determined by the Xenium Onboard Analysis
pipeline v1.5.0. Nucl ear Z2?byconvegtihgbouhdary vediceet@a wa s
Polygon objects using the Shapely package v2.$h2pely.geometry.Polygoshapely.arep

Nucl ear or cellular roundness, or circularity
area of the minimum bounding circle of that shagifepely.minimum_bounding_cirkléuclear

DAPI intensity was calculated by obtaining average pixtnsity of the provided 2D maximum
intensity projection (AMIP") image. To obtain
Rasterio package v1.3.@aéterio.features.rasterizeising a transformatiomffine. Affine.scaleof
0.2125em per pixel, as defined in image met ai
without additional scaling. Manual annotation of clusters was performed on the provided graph
based clusters and diaged on the provided gragiased UMAP projection. MMoCHi was

applied to all four datasets using hierarchies crafted using known marker genes, proteins, or
chromosomdevel expression patterngdble 4.6; Table 4.7; Table 4.8; Table 4.9). Where

possible, markers were selected to match thetyedl 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 $hene scaling as above. Cell boundaries

were shrunk slightly for display to reduce drawing overlap (using the
shapely.geometry.Polygon.bufferethod, withjoin_stylefi mi t r e 0 ) . Feature 1 mg
obtained as described above. Performance comparisons of MMoCHi versuslidsstor expert

Xenium annotations were displayed for known marker genes. Comparisons with <50 cells (breast

cancer biopsy) or <200 cells (Iyh 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 threshdkigure4.7c; Table4.5). Comparisons were performed
with multiprocessing enabled for random forest training, usihgeheration 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 testgtats::friedman.testising the stats library v4.3.1), matched by-salbset, on F1 scores,
followed by multiple comparisons using a paired sided Wilcoxon signeerank test
(stats::pairwise.wilcox.teytwith 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 dtfetential
expression was performedc@npy.tl.rank_genes_groypen lognormalized expression, with
Wilcoxon mode, tie correction, and FDR correction enabled. Genes or proteins wifolfiog
change)| > 2 and p < 0.05 were identified as significantly differentially expressed. Statistical details

for each experiment can be found in figure fedgefor each respective analysis.
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Table 2.8 Insufficient availability of T scm

D496 | D503
Total highconfidence CD4T cells(CD3 CD4) 18737 | 29153
Total highconfidence CD4Tscu(CCR7_géxXCD45RACD45ROCD95) 4 36
Percenthigh-confidence CD4Tscm(CCR7_géxXCD45RACD45RACD95) 0.021%| 0.12%
Total highconfidence CDS8T cells(CD3 CD8) 20522 | 10980
Total highconfidence CD8Tscu(CCR7_géxXCD45RACD45ROCD95) 3 0
Percent highconfidence CD8Tscm(CCR7_geéexXCD45RACD45RACD95) 0.015%| 0%

2.9 Analyses specific taChapter 5
Quiality control of singlecell atlas data

Samples were demultiplexed by hashtag expression usasisolo with default
parameterd®, Cells that were not uniquely assigned tdratividual sample were removed from
downstream analysi®ne 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 ndyiden
thymusspecific cells in our sequenced samples (no thymocytatRitexpressing cells).

Filtering was performed to remove cells with fewer than 50 unique genes detected.
Mi tochondri al counts wer e ¢uan tMT-dandrbosomalu mmi n ¢
counts were quanti fi edRR®inMRPLAZOrlerytigoeyteelateds t ar t i
counts al |l g d¢lBoaswelarbASPandEROR(toidetdrt erfythrocyte precursors)
were quantified. Cells with more than 20% mitochondrial counts were flagged as potentially low
quality for later filtering. Counts for mitochondrialenes andVMALAT1 were subsequently
removed from the gene expression object and downstream analysis. To exclude contamination

from ambient RNA we processed the data using Dec8htKwo samples (one from liver and one
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from skin) with abnormally high ambient counts were removed as Deamnitld not correct the
ambient counts (e.g., plasma cell genes Ak® 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 modéP*to detect erythrocyte®oubles were additionally detected using Scrdblet

with asim_doublet_ratiaf 10.

For each unique tisstmte, we performed an initial integration across all samples by
training an scVlI modét! on the gene expression with following parameters: 10,000 highly
variable genes using tiseurat_v3ptior*tin Scanpy, early stopping enabled and 50 epochs, ten
epochs fom_epochs_kl_warmupwo layers in encoder and decodel,gene likelihood and a
mini-batch size of 256.

To perform filtering of lowquality 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 cdratinBdR 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. perform filtering, we argued that cells that group together
and have evidence of leguality should be removed from downstream analysis. We first
usedLouvain clustering’? 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 aXighpsigh
some lowquality events were retained with this filtering, their frequency was drastically reduced.

We additionally establishetissuespecific cutoffs to remove additional events and removed
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clusters with a mean lowuality score of 0.3 from all tissues, except for the lung lymph node and
jejunum where the threshold was manually increased to recover {ojgalty cells. Using a
course cell type annotation based on manual annotation of slusidentified 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 aptesn, 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 theseurat_v3ption 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 celtypes and removed all cdifpes that were not labeled ammune cells.
Additionally, we removed all cells where manual labeling and automatic labeling using MMoCHi
(see below) were inconclusive about cearslttype identity (e.g. B cell, myeloid, T cell). These
events were of lovwguality by manual inspection. We performed glost manual removal of these
and other clusters of loguality 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 (se€hapter 4or algorithmic details and performance evaluation). We
employed several key features of MMoCHi (v0.2.1) including its simultaneous use of paoiin
RNA-level features for classification, compatibility with aoiefined reference hierarchy of cell
subsets and their established markers, and ability to integrate-s§d@Ebatches with different

levels of signal and background from antibody staining. We first normalized the gene expression
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(GEX) count matrix usingpg(10,000G; / Te,i + 1) whereCyi is the counts for GEX featuigein
cell i and Tg, is the total counts for all GEX features in cellSimilarly, we normalized the
antibodyderived tag (ADT) count matrix usiigg(1,000G,i/ Ta,; + 1) whereCa,, is the counts
for ADT featureain celli andTa, is the total counts for all ADT features in delWe then batch
corrected the ADT expression distributions for each ADT feature using landmark registh&ion.
identified landmark®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 functionssignal.find_peakandstats.gaussian_kdeespectively. Following automatic peak
detecti on, we used the MMoCHi 6s graphical
identification for some markers. Next, we performed curve registration and warping to align the
positive and negative peaks fmch ADT feature across experimeftaiches using the scikida
functionpreprocessing.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 pestdiRNAlevel
markers Figure5.3; Table5.2), and used the markers to identify hignfidence members (cells)
of each node for training. For each marker in the hierarchy, MMoCHi automatically proposes
threshold expression levels on the batolrected data to identify higtonfidence 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-kRdl thresholds similarly to gating for
flow cytometry, whereas GE}vel thresholds primarily capture celNgh any detectable marker
expression, due to high transcript iyt rates in SCRNAeq Table5.2). For two of the 24 organ

donors and a subset of samples from a third donor, we did not performs€tir&d only had
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scRNAsseq profiles. Thus, these samples were excluded from the MMoCHi classification
described here. However, we usedearest neighbors approach to transfer the classifier labels
to individual cells profiled from these two organ donors. Specificallg wused the
sklearnneighbors.KNeighborsClassifigrith n_neighbors= 10 to construct a-kearest neighbors
graph in the mrVI embedding of the dataset (see below) and classify the remaining cells. Of the
subsets, pDCs were identified using two separatesnoddhe hierarchyHgure5.3), 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 Figure5.4. The MMoCHi annotation was used at two separate levels
throughout the manuscript, defined as either one of the 34faired subsets, or grouped into
CD4Tcells,CD8and unconventional T cel ' MAITdelisihB | udi n¢
cells, NK cells and ILCs, and myeloid cells (including monocytes, macrophages, cDCs, migratory
DCs, and pDCs).
Training and application of labefansfer 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 performingtged label transfer. Tdacilitate this
application, we trained a model using pdpya tool developed for cetype 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 ocabe used for visualization of the query data and for other analysis tasks. A popV

model was trained using the tissues and MMoCHi annotations descrilfaguire 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 datasét To visualize the data, we computed UMAP embeddings as described
above on joint scVI embeddings which were calculated as part of the popV pkiglime5.4

To evaluate the importance of ADT information in the MMoCHI classification
performance, we additionally applied a4rained CellTypist*model (Immune_All_Lowusing
default settings to the tissue immune cells describ&ibire5.4.
Integration and cell state embedding using mrVI

To integrate scRNAseq 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 mixturlegaussian as a prior ardforces stronger separation
of true celistate and effect of donors on gene expression as has been recently demonstrated by
Boyeauet af®, mrVI takes advantage of a prior based on a multimodal variational mixture of
posteriors (similar to a VampPrid?), which have been shown to outperform Gaussian priors for
scRNAseq integration in benchmarking studiésBriefly, mrVI finds a sampkagnostic latent
spacdJ and computes a samgdpecific embedding. A second latent spAcg defined by adding
an attentiorbased concatenation betwddrand the sample embedding space to the origiral
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 binonsaikdition. We use a tdaype-
aware Gaussian mixture prior rspace. 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 tgfle prior in mrVIl. We used defaufiarameters except
n_epochs_kl_warmugf 25,n_latent_uof 20,n_latentin Z-space of 200, dropout geas well as
pz of 0.03 (adopted frofi®, follow-up manuscript under preparation). To visualize cells (either
the total immune component or individual major lineages) we computed nearest neighbors
(scanpy.pp.neighboyson the mrVlI U latent space and calculated Uniform Manifold
Approximation and Projection (UMAP) embeddingscdnpy.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.pagaTo identify additional heterogeneity in csliates within samples beyoritketcelt
type annotation provided by MMoCHi, we performed mararaiotation. For each MMoCHi
annotated population, a new scVI model was trained with donor as the batch key, then Leiden
clustering gcanpy.tl.leiden was performed on the lineagpecific neighbors graph at an
appropriate resolution selected to minimize eslestering (ranging from 1 to 15). Markers for
each cluster were computed bganpy.tl.rank_genes_groupsid clusters with similar marker
expression were merged. To annotate proliferatiig,scanpy.tl.score_genes_cell_cyslas run
and the output was used in combination with the gene expresditiii67 andTOP2A
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 marrowspleen, gut (jejunum lamina propria and jejunum epitheliulyph

nodeg(inguinal, lung, and mesenteric), and lungs (consisting of BAL and parenchyma); six
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i mmune | ineages: myel oid, CD4 T cells, CD8 T
cells), B cells and ILC/NK cells; and 26 individual cell types within all lineages. Covariates
included 10x Genomics c¢hemi } taboratory (Rambridge/UK 506 ) ,
vs. Columbia/NY), and CMV status (positive vs. negativedr 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 (versiorf®4.4.1)
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, naive B cells, etc.) usingdhsster_idparameter idreamlet The raw GEX count
matrix was pseudobulked across sambleach tissue in each donor was treated as a separate
sample. Prior to performing DE, samples and genes with poor representation were filtered using
dreamlet::processAssaySamples wth 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 b 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 tisane ageanalysis, respectively) met the
minimum cell thresholds. Variance decomposition was performed fearzagsis for each lineage
using dreamlet::fitvVarPart with sex, sequencing chemistry, CMV serostatus, age group,
processing site, and tissue as covariates. Linear mixed modelling was performed using
dreamet:..dreamletvith eBayes estimation enabled. Tismffects Figure 5.12; Figure 5.15;

Figure5.13; Figure5.14) were modelled by comparing each lineage/subset in one-gssup to
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the same lineage/subset in the remaining tiggaaps, with donor identity encoded as a random
effect. Ageeffects Figure5.16; Figure5.19; Figure5.22; Figure5.18) were modelled across each
tissuegroup/agegroup combination while controlling for CMV serostatus and sex as fixed effects
and with sequencing chemistry and processing site as random effectsffége within each
tissuegroup were then measured usthgcontrastgparameter imlreamlet::dreamlebetween old
and young for each tissuer oup (e. g. the effect odldgatpge i n t
youngguto ) . C MV Figufeb.20)avers mogdelled across each tisgmeup/CMV serostatus
combination while controlling for age and sex as fixed effects and with sequencing chemistry and
processing site as random effects. Clfects within each tissugroup were then measured using
the contrastsparameter idreamlet::dreamlebetween CMV+ and CMVfor each tissugroup.
Identification of gene cexpression patterns using consensus scHPF

For identifying crosgissue and crosdonor gene signatures for each major immune
lineage, we constructed probabilistic factor models directly from seB&fcount matrices using
scHPF. The output of scHPF includes two matrices M x K gene score matrix containing
weights for each d¥1 genes in each dffactors and & x N cell score matrix containing weights
for each ofN cells in each oK factors. In the original report of scHPF, the algorithm required a
usersupplied value oK, the number of facts in the modéf®. Here, we use a new, consensus
factorization implementation of scHPF where the user specifies a broad raikgealoies from
which many scHPF models are generéted’ he gene score matrices for these models are then
clustered to identifK recurrent factors, which are combined to seed a final round of training to

construct a final consensus model whtlactors.
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We constructed two types of scHPF models: 1) tidsuel modelsFigure5.14) where the
number of cells from each of three tisggreups was balanced by random salnpling (gut:
jejunum epithelium and lamina propria, lung parenchyma, and lymph nodes: mesenteric and lung
associated) and 2) dontavel modelqFigure5.16; Figure5.19) 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, denwaith 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 onlyroteincoding 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 v{ud$of
30) from which we selected the top three models for each valibadged 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 modé.

Detection of tissuspecific effects

Immune subset composition within each lineage across tissues was visualized by violin
plots or box plot (usingeaborn. Tissuespecific enrichment of immune subset frequencies in
specific tissues was also assayed within each major lineage using sé€@@ABayesian
inference. Significant enrichment of an immune subset in one tissue over the rest was determined

using sccoda.util.comp_ana.CompositionalAnalyses 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 refsrdrses
selection and the default false discovery rate of 0.05.

To determine tissuspecific gene expression signatures across immune linegigese(

5.12), significantly differentially expressed genes were defined as adjust@de< 0.05 and leg
(fold-change) > 1 by pseudobulk differential expression across tissues at the-levedeee

above). Mean -Bcored gene expression was calculated for each pairing of-tjssue and

lineage. Genes and samples were both  hierarchically clustered using
scipy.cluster.hierarchy.linkagei t h War dés met hod and Euclidean
genes with similar expression patterns were calculated asipg.cluster.hierarchy.fclustavith

t hmaxdlusb met hod.

For each geneluster, association with specific tissgeups 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 passibiti first used preanked GSEA
to compare the gerdusters identified via the lineadevel DE to the effect size (i.e., ldggld
change) of differential expression across tissues in the sigvebtDE. To visualize potential
effects due to composgitnal shifts across tissues, we computed the average frequency of the subset
(as a proportion of the total cells within that lineageup) within a tissue, the foichange of that
frequency over the frequency in the remaining tispoeips, and the averagepression of the
genecluster.

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.
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To identify enrichment in one tissggoup over the other tissyggoups, we used
scanpy.tl.rank_genes_groums the normalized expression with Wilcoxon andcterection
enabled. To minimize the influence of technical staining artifacts or dana@riates, analysis was
conducted separately within each donor. Donors with fewer than 50 cells for a partisular tis
group/lineage combination or tissgeoup/lineage combinations with fewer than 4 suitable donors
were excluded from analysis. Prior to diffeiahtexpression, 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 tisdeneel scHPF models of each major
immune lineage that were shared across cell types. As described above, we first constructed
consensus scHPF models for CD4ells, CD8T cells, macrophages, NK cells, ILCs, and B cells
with equal representation of cells from each of three major tsues (gut, lung, and lymph
nodes). From each model, we removed likely nuisance factors containing heat shock protein
encoding genes (conmon dissociation artifact, >1 genedjposomal proteirencoding 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 sixiationinduced cell stress in scRN#eq (>7 gened}¥
among the 30 topveighted genes. Next, we computed the average cell score for each factor in
each of the three major tissgeoups and identified all factors with an average tigpoep score
that was at least 80% higher in one tisguaup than the avage of the remaining two. Thus, the
resulting set of 53 scHPF factors from across all six linspgeific 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 majorunatineages. Finally, we performed
hierarchical clustering of the Pearson correlation matrix for these 31 fastatsofnclustermap
using Euclidean distances) to identify modules containing factors with similar gene signatures that
originated from diffeent, lineagespecific scHPF model$-igure5.14). Modules of genes were
further interrogated by average gene expression and validated in specific immune subsets using
pseudobullGEX DE and ADT DE as described above.
Detection of agepecific and CMV effects on composition and gene expression

To detect shifts in the subset composition of specific lineages across tgeags and
CMV serostatus, we performed generalized linear modelling by fittgtgtamodels.GLNhodel
for each tissusubset, considering sex, sequencing chemistry, CMV serostatus, and processing
site as additional covariates. Donors with fewer than 50 cells for a particulargrssyslineage
combination or tissugroup/lineage combinations witfewer than 4 suitable donors were
excluded from analysis. The estimated coedfits were used to calculate a covarmtere
Logo(fold-change) for visualization. We used thtatsmodelsaultipletestsunction to adjust ¢
values for multiple comparisons (Benjamiiochberg method), and subgisisue combinations
with an adjusted{value<0.05 were considered significantly changing across age.

To depict agaassociated effects on the immune system, we visualized the similarity of
trending DE genes by age on immune subsets across tissues SbiB@Rigure5.16b). We first
calculated trending DE gene (unadjustedhfue < 0.05; <40 y.o. / >40 y.0.) 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 distaneg(iilarity)

was applied to cell types containing more than 70 DE genes (unadjustep< 0.05, mean leg
normalized expression > 0.05) and present in at least dores's 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 distarased4SNE 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 (adjustedue < 0.05) and within the top 50
significant genes. Although our power to detect-affects by DE wadimited, 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 -dommmor batch effects in
ADT staining quality. Although landmark registration preserves theragpa between positive
and negativeexpressing cells for thresholding, this Agerametric normalization can obscure
changes in overall expression intensity between samples. Thus, we focused on shifts in percent
positivity for a marker in a given tissiseibset. 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 gpsitivethreshold was calculated for each donor/tisgtmip/subset combination.
Donors with fewer than 50 cells for a particular tisgoeup/lineage combination or tissue
group/lineage combinations with fewer than 4 suitable donors were excluded friysisanide

percentpositivity was used as the response variable in the same linear regression model used to
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detect shifts in composition across ageups. We adjustedymalues for multiple comparisons as
above, and ADTs with an adjustee/@lue < 0.05 were considered significant.

We constructed dondevel scHPF models for each major immune lineage with uniform
representation of cells from each donor to identify-aggociated gene signatures, as described
above. For each scHPF model, we performed linear mixed effects modeling) @io\dlgtount for
covariates and identify age associations. Each LMM contained six categorical covariates as fixed
effects: agegroup, sequencing chemistry, sex, processing site, and CMV serostatus. We also
considered three tissigpes: mucosal (bronchoawlar lavage, lung parenchyma, jejunum lamina
propria, jejunum epithelium), lymph nodes (inguinal, mesenteric, anedssoriated), and bloed
rich including blood, bone marrow, and spleen), which required us to select one category (blood
rich) as a helgbut variable. Thus, we have two categorical variables for tissue, which effectively
represent mucosal vs. bloodh and lymph node vs. bloeith. We encoded donor identity as a
random effectLMM coefficients and pvalues were computed for each factormigiven scHPF
model using the ceBcores as response variables by fittingtatsmodel$4ixedLM model and
using the statsmodelsaultipletests function to adjust fvalues for multiple comparisons
(BenjaminiHochberg method).

To crossvalidate ageassociated scHPF factors in other datasets, we further analyzed a
bone marrow atl&$® containing 36 agannotated donors with good B cell representation for a B
cell aging factor, a lung ati?$ containing 29 agannotated donors with good macrophage and
CDS8'T cell coverage, and PBMC data from the Sound Life cohor6&5s, n=96) from the
Human Immune Health Atld% ((Figure5.16; Figure5.18; Figure5.19). Using the published cell

type annotations from each atlas, we extracted the appropriate se€\gyofiles and projected
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them into the corresponding doHerel scHPF models generated from the data reported here
using the scHPPBrojectfunction. 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 orthogpnadap we also
performed pseudbulk differential expression analysis between older and younger donors (using
an age cutoff of 40 years) frothe external data sets, ranked the genes bycfuage, and used
GSEA to analyze the statistical enrichment of-aggociated factors among young vs. old donors.
We used the top 200 genes (ranked by scHPF gene score) in eadsagated factor as gene
sets for GSEA.
Counterfactual analysis to detect aggesociations with mrVI

For the DE analysis describedRigure5.22, we subsetted the mrVI sample embeddings
toeachtissugr oup and model ed the predicted U in MrV
in sex, CMV serostatus, and ageup as fixed effects, and considering sequencing chemistry and
processing site aste covariates in MrVI. A ridge regression parameter of 0.1 due to collinearity
of cofactors was added. This decomposition of
an estimated effect id-space for each covariate. The effect vector was added to the mean cell
embedding irZ-space and DE genes were computed based on the modified and mean embedding
for each cell. For downstream analysis, this matrix of estimatefbldghanges for each cell and
gene was further processed for each immune subsst, all cells were filtered out that were
represented only in fewer than three sanigteSecond, for each celpe, genes with less than
0.01 raw average expression or an estimateefdiobgchange across aggoups 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 inJ-space and multiplying two times the normalized affinity matrix with the predicted
gene effects. Spectral @ustering was performed with four gene clusters and four cell clusters
with mini-batch enabled usingklearn.cluster.SpectralCoclustering/larker genes for each
module were identified by averaging the predictedftdd-changes across all cells from the
corresponding cell module and top 50 geioegach 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 geneé?

For the lung, we isolated a gene module in CDdells that containedrm. To detect
similar cells in other tissues, we computed the besbifdior the module score to identify cells in
a specific cell modul e based on Youdenb6és J st
other tissues as described above, andiegphe same ctdff to all other tissues as the tissue of
interest. Because the gut contaifiegh with a Th17 phenotype and all other tissues had no module
positive cells, we therefore selected all cells with a MrVI predicted negativ2 fiolg change of
IL17Abelow-0.05. To confirm our findings on a pgene level, we selected modygesitive cells
and used pseudobulk estimates of differential expression digaglet Samples with fewer than
five modulepositive cells or 1,000 total counts and genes with fewer than 3 total counts were
removed. Aging DE was performed using the contramtthod, as described above. Genes within
a shared functional group were manualjeseed from the mrVI signature for visualization.
Pseudobulk DE was performed on tHassifierpredicted cells in other tissues using the same
settings as above in this cslibset. Enrichment of module or selected marker genes in the

pseudobulk DE was performed using GSEA implementelg@aoupler.run_gsea
107



T cell receptor and B cell receptor repertoire analysis using Dandelion

Cell Rangema p p e d TCR and BCR contigs contai ni
6all contig_annot at i eannstated 21sing the Danhdeliort preprocéssigy we r
pipeline*3. This pipeline includes the following steps: (1) Sample suffix/prefix assignment to each
sample barcode; (2) Rmnotation of contigs with IgBLAST 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 reagvef nonoverlapping individual J gene segments. For
BCRs, three additional steps were also performed: (1) Additiorahmetation of heavghain
constant (C) region calls using blastn (v2.13.0) against curated sequences from CH1 regions of
respective istype class. (2) Heavy chain V gene allele correction using TIgBERO.1; and (3)
BCR mutation calling.Cell evel qual ity control was perfor me
function, which only considers productive VDJ contigs, asserts that a single cell should only have
one VDJ and one VJ pair, or only an orph&dJ 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 @nes/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 similariiyp0% nucleotide sequence itignat 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 céis orT cel | s we
al so discarded. Clonality of the different poj
varying from O (more diverse) to 1 (| &élsls dive
Hmax WhereHsis the Shannon entropy of samgland Hmax = 10g2C whereC is the number of
unique clonotypes is. 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 acrossthe age
groups, we performed generalized linear modelling by fittistatsmodels.GLNhodel for each
tissuesubset, considering sex, sequencing chemistry, CMV serostatus, and processing site as
additional covariates. Donors with fewer than 50 cells for a particular tigsug/lineage
combination or tissugroup/lineage combinations witfewer than 4 suitable donors were
excluded from analysis. The estimated coefficientsewesed to calculate a covaria@eare
Logo(fold-change) for visualization. We used thtatsmodels.multipletestsnction to adjust ¢
values for multiple comparisons (Benjamiiochberg method), and subgisisue combinations

with an adjusted{value<0.05 were considered significantly changing across age.
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2.10 Analyses specific tadChapter 6

Tissueimmune cell atlas prprocessing

To derive tissue signatures, we extracted MMo@Hinot at ed monocyt e
from the CITE-seq atlas of immune celldescribed inChapter 5 Donors or libraries without
antibodyderived tag (ADT) profiling (donors 582C and 583B; library 637C_6) were removed.
For downstream analysis, gene expression (GEX) and antierilyed tag (ADT) counts were
library size and loghormalized to log(countser 10k+1) and log(counts per 1k+1), respectively.
Landmarkregistration, as previously descriB&f*’ was used to integrate ADT expression across
donors (nmochiv0.2.1).

Tissuespeci fic embeddings were computed on

and parenchyma samples merged), JLP, SPL, bone marrow (BMA), and lymph nodes (LN; both

lung-associated and mesenteric), and a jembedding was computed for monocytes frdaot
(BLO) and all tissue sites. Newroteincoding, mitochondrial, ribosomal, or hemoglobin genes,
and immuneeceptor ADTs were removed prior to embedding. Principal components were
computed on the top 5000 most highly variable genes in each dmamy(v1.10.4), or on all
ADTs with between 2@0 percent positivity across the sample, integrated by donor using
Harmony®’ (harmonypy v0.0.9), and used to compute neighbor graphs (50 neaestpy.
Merged, multimodal neighbor graphs were created using weiglg@ebst neighbot®,
embedded using Uniform Manifold Approximation and Projection (UMAP) with a minimum
distance between 0.5 and 0.65, and clustered using the Leiden al§8rtharesolution between

1 and 1.4 uon v0.1.7). Clusters were manually annotated by marker expression. Similarity of
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MU subsets i1isolated from t he t wintegidatbd pencigjale s wa s
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 Hask8olwith priors determined by
commercially provided multiplet ratesdanpy. Multiplets and hashtagegative 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 lineagesG@S$,CD3E,

CD19 JCHAIN KRT7 DCN; <2% of total events) or lowuality events (abnormally high
mitochondrial content or low GEX counts). Next, clustering and mdrieed manual annotation
was performed for eachissue/treatment combination on the libramegrated lgarmonypy
principal components of the GEX, using a Leiden resolution ofsz&nfy. 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 (foexh@vostimulation) cells, or genes not
represented in 15% of samples with at least 20 counts were exclddsaimletvl1.4.1).
Differential expression (DE) was estimated using linear mixed nmddelgh either a random
intercept of donor @ to derive universal stimulation signatudesandom intercepts of donor and
tissue. Differential percesgositivity analysis for ADT expression was performed with analogous
mixed models gtatsmodelsv0.14.0). Onev-one and one-all effects were computed using

contrasts. Fralues were adjusted for false discovery rate (Benjahkho@hberg method).
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Gene signatures associated with specific tissues or stimuli were extracted as the top 100
significantly upregulated ¢pdj<0.05, log(fold-change)>0) protehaoding, norribosomal genes
by t-statistic. Signature scores for each cell were calculatedssampy MuUs i n cel | cy
quantified usingscanpyand gene lists associated with S or G2/M pffds&ene Set Enrichment
Analysis (GSEA) and gene ontology (GO) were performegaapywl.1.3 Enrichment of tissue
signatures in the estimated ¥fgld-change) between pairs of tissues or subsets was evaluated by
preranked GSEA. Enrichment of these signatures in the Tabula S&fieses evaluated by
pseudobul k DE across donor / ti sscaopg Envichmdntioh at i on
these signature in murine tissues was evaluated using the fold change in expression in bulk RNA
seq data generated?3¥previously on sorted Muas
Cytokineanalysis

Supernatants were shipped to Eve Technologies Corp. (Calgary, Alberta) to apply a bead
based multiplexedjuantificationof 71 human cytokines and chemokines. For each analyte,
concentrations werel er i ved by ddoieggaenderringensibice staddard 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-sgsugpon

stimulation was determined by aiped ttest on logoe-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 froPoon and Caron, et. al., 202Bata collection was
completed prior to my involvement with the project, babntributed towriting all sections and
theformal analysis of the TCRequencingndmultimodal singlecell sequencingxperiments

Poon, M. M. L.*,Caron, D. P*, Wang, Z., Wells, S. B., Chen, D., Meng, W., Szabo, PL&m,

N., Kubota, M., Matsumoto, R., Rahman, A., Lunnfgk, 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 Immunok4, 309 319 *co-first authors

T lymphocytes migrate to barrier sites after exposure to pathogens providing localized
immunity and longierm protection. Here, we obtained tissues from human organ donors to
examine T cells across major barrier sites (skin, lung, jejunum), associatddrigags, lymphoid
organs (spleen, bone marrow), and in circulation. By integrating sbedleprotein and
transcriptome profiling, we demonstrate that human barrier sites containrésslent memory
T cells (Trv) that exhibit siteadapted 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, whilem clones exhibit sitespecific expansions
and distinct functional capacities. Together, our findings indicate that circulating T cells are more
disseminated andlifferentiated, while Trm exhibit tissuespecific adaptation and clonal

segregation, suggesting that strategies to promote barrier immunity requirddrgsimg.
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3.1lIntroduction

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 macropheadydsradritic cells, seed directly
into barriertissuesduring 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 canbe generated following sigpecific infection by diverse pathogens
including viruses, bacteria, parasites, and fungi, as demonstrated in mouse/iddslsuse
Trm mediate efficacious protection in the skin, lung, and intestines thriougitu functional
responses, proliferation, and recruitniéht>. Understanding howrm 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, paftéréade frequency ofrm
is a feature of the tissue: intestines contain predomin&atiywith negligible circulating T cells,
lung and skin have majorifljrm along with circulating subsets, while lymphoid organs have lower
frequencies offrm compared to circulating subs&ts?°6:3%5 HumanTrwm exhibit core gene and
protein signatures that distinguish them from circulating memory P&&¥8and can exhibit site
specific expression of differentiation and functional markerS8’->>¢ 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 humdam may play functional roles in protective immunity in

barrier sitesTrm specific to acute respiratory viruses, such as influenza and $ARS, are
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preferentially maintained in the lungs relative to other ¥ité8’ suggesting generation of site
specific immunity.Trm specific for intestinal microbiome and pathogens are maintained in the
intestined®, while in skin, Trm are generated to cutaneous infection and associated with
protectiorf®?:362 Whether these sitgpecific 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 reveaéthg of highly expanded
memory T clones across multiple sités 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 singlell 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 wellidated tisue resourcé?14.363
Investigating protein expression profiles by cytometry by +tof#ight (CyTOF) and
transcriptional profiles bginglecell RNA sequencingstRNA-seq, we identified distinct tissue
specific populations conserved across individualsTandprotein and gene expression signatures
unique to each barrier site, which are associated with distinct functions. TCR clonal analysis by
DNA sequencing and scRN#eq showsissuerestricted expansion and segregatiom i clones
in barrier tissues, arfughly expandedem andTemra clones dispersed across sigth cytolytic
functions.These findings demonstrate the heterogeneity of tiadapted T cell lineages atite

landscape of clonal networks across barrier sites, their associated lymphoid tissues, and circulation,

with important implications for targeting and monitoring specific immunity.
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3.2Results
Acquisition of human tissues for singlell 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 bodyMononuclearcells were isolated from nine sitésblood, 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) obtained from sevedonors ages 224 yrs {Table3.1), using welt
validated protocols (sedaterialsand Methodg®183362 \with this cohort, we performed single
cell profiling, CyTOF, Igh-throughput Tcell receptor sequencind@ CR-seq), and 10X Genomics
506 s es@yMléng with V region sequencingTdaRAandTCRBgenes of T cells isolated from
multiple tissue sites of individual donors.
Barrier sites contain tissuadapted T cell populations

To examine subset composition and phenotypic heterogeneity of Teafikained across
the body, we used adh-dimensionalCyTOF panel incorporating multiplenarkers of T cell
differentiation, function, and migratido analyzeCD3'T cellsobtained from blood antissues

Table 3.1 Donor information .

Age CMV/EBV

Donor | (yrs) | Sex Ethnicity/race serology Assays performed
D455 70 M Black or African American +/+ CyTOF
D457 40 M Asian +/+ CyTOF

, , : CyTOF,
D461 22 F Hispanic/Latino +/+ 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/scTCReq

D511 37 M Hispanic/Latino +/+ Paired scRNA/scTCReq
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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 jejuniutinjee

donors, stained with a 3narker panel and analyzed by CyT@FThe full complement of CD4

and CD8 T cell subsets from blood and seven tissue sites of three donors, as defined by marker
expressionrepresented in &distributed stochastic neighbor embeddit@NE) plot. Cluster
numbers correspond to T cell subsets defindd m Marker expression by CD4top, green) and

CD8" (bottom, blue) T cell clusters @ defined by unsupervised clustering. The color intensity

of each cell denotes the columormalized mean scaled expression of each indicated marker
within each clusterc, Stacked bar chart of the proportion of T cell subsets in each site for each of
the three donorsl, T cell subset composition and features stratified by site, compiled from three
dorors and representedtaSNE plots. Prominent T cell subsets are highlighted by a dashed ellipse
for each site. Ay, follicular helper T cell; kv, tissuer e si dent memor y-ddita cel | ;
T cell; Treg, regulatory T cell; Em, central memory T cellfemra, terminally differentiated effector
memory T cell;Tem, effector memory T cell; A1, 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 threedonors ages 22, 40, and 70 y¥gy(re3.1; Table3.1; Table2.1). Unsupervised clustering
based on marker expression identified 31 clusters, representing heterogeneous populations of
CD4"* and CDS8T cell subsets Higure 3.1a; Figure 3.2a). Subsets included naive
(CCR7TCD45RA'CD95), central memory T cellsTem; CCR7CD45RACD28Y), effector
memory T cellsTem; CCR7CD45RA), terminally-differentiated effector T cellsTévwra; CCR7
CD45RA"), andTrm (CCR7CD45RACD69"). Functional subsets includedfdllicular helper
cells (TFH; CD4CXCR5'PD-1IC0OS")%%, regulatory T cells Treq; CD4'CD25'CD127)3%°, T-
helper 1 (Thl) cells defined by the transcription factdref®®, and Fhelper type 2 (Th2) with
enhanced expression of CRT¥2 Innatel i ke T cell s were mostly re
(gdTCR'; Figure3.1a,b).

Thecomposition of CDZand CD8T cell subsets was similar between individuals, despite
their broad age rang&igure 3.1c; Figure3.2b). CD4T cells comprised subsets of nailew,

TFH, Treg, TrRM Subsets expressing CD69 and to a lesser extent CD103ik&lckells 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 sit€sgare3.1. 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 ir@NE plot as irFigure3.1a stratified by individual
donors. Arrows indicate clusters that differ between the younger and older doagreffector
memory T cellTemra, terminally-differentiated effector memory T cell

T-bet and the senescent marker CD57 (cluster 13Yhadike CRTHZ cells (cluster 20Figure

3.1a-c). CD8T cells comprised naive and memory subsets, along with higher frequentiesof
cells and o0 T Ccedells§igues.tap)aGD8TEv andlemks Dells were

further subdivided based on differential expression of CD57, inhibitory molecules,(PIGIT),

and cytotoxic mediators (granzyme B, perfoririglre3.1a,b). Betweemnlonors, the oldest donor

had the lowest frequency of naive CD&sells and a distinctem/Temra population expressing
CD57, TIGIT, and PEL (cluster 14Figure3.2b; Figure3.3).

For all donors, the composition and distribution of T cell subsets werspstéfic,
consistent with previous findings for naive and memory T cells assessed by flow
cytometny14:296:310.355 However, this highdimensional profiling revealed which subpopulations
were similar between sites and which had-sfiecific adaptations. Blood contained CDAive,

Tem, Tem, Treg, as well as CD8naive andTem/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 (naivécwm, TFH, Trm, andTregs) and lower frequencies of CD&aive andrm cells
(Figure 3.1c,d; Figure 3.3). Thespleen contained subsets found in both bloodlamgh nodes
along with additional CD8em/Temra and Trv populations Figure 3.1c,d Figure 3.3). Each

barrier site, however, contained a unique composition of T cells comparedhe ather sites
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Figure 3.3: T cell subset distribution across tissues and between donors.
Heatmaps illustrating frequency of CD@) 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 zscore values. M, male; F, female; TFH, follicular helper T dell;, tissueresident
memory T cell; gdT, gammdelta T cell;Treg, regulatory T cell;Tcm, central memory T cell;
Temra, terminally-differentiated effector memory T cellem, effector memory T cell; Thl, type
1 helper T cell; BL, bloodIN, inguinal lymph node; JE, jejunum; LG, lung; LN, luggph node;
MN, mesenteric lymph node; SK, skin; SP, spleen.
(Figure3.1c,d; Figure3.3). Lungs contained CD4nd CD8Trw, distinct CD57Tem (clusters 13
and 19),Temra, andgd T cells (cluster 25). Jejunum contained predominantly COBA03 Trw,
a TbetCCR5TFH population (cluster 18); while skin contained Cla#hd CD8Trwm expressing
CXCR4 (clusters 10,12) implicated in skin T cell honifiigTem (cluster 8), and CRTHZTh2-
and Tc2like cells (cluster 20)Rigure 3.1d; Figure 3.2a; Figure 3.3). Together, these results
demonstrate that T cells within each barrier tissue exhibisp#eific compositions antkm with
site-specific profiles.
T cell clonal networks differentially involve barrier sites

We next sought to evaluate the degree of clonal expansion and overlap'afr@zZD8T
cells in barrier sites relative to cells in blood and lymphoid tissuegklygeneration sequencing
(NGYS) of genes encoding thHeDR3b chain(TCR-seq) able2.2; Table3.1; Table3.2). TCR-seq
from 4 donorshowed tha€D4" and CD8T cellsdisplayeddistinct clonal expansion arkRBV
andTRBJgene usageacrosgtissues and donors, with CDBcells more clonally expanded than
CD4'T cells, consistent with previous studied?! (Figure 3.4a; Figure3.5). To assess potential

differences in clonal expansion between sites, we normalized for different sampling depths by

calculating the proportion of the total repertooecupied by the top 100 clones in each site.
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Table 3.2 Bulk TCR sequencing metadata.

Number of Input DNA Number of Number of Clone per ng
Sample cells sorted | perrep (ng) reps clones 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-JECD4 50000 26.46 2 5537 104.6
D461-JECD8 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-SPCD4 50000 24.12 2 8152 169.0
D461-SPCD8 50000 20.22 2 4018 994
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 JECD4 50000 13.65 2 6598 241.7
D466 JECD8 50000 45 2 4070 45.2
D466-.LN-CD4 50000 45 2 12019 1335
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 SPCD4 50000 45 2 9445 104.9
D466-SPCD8 50000 45 2 3035 33.7
D479BL-CD4 50000 10.692 2 2433 113.8
D479BL-CD8 50000 8.976 2 1492 83.1
D479BM-CD4 50000 12.012 2 2811 117.0
D479BM-CD8 50000 10.098 2 695 34.4
D479IN-CD4 100000 23.034 2 5919 128.5
D479IN-CDS8 50000 7.656 2 1563 102.1
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D479 JECD4 51000 5412 2 932 86.1
D479-JECD8 25000 3.795 2 490 64.6
D479LN-CD4 50000 13.398 2 3865 144.2
D479LN-CD8 50000 8.844 2 780 44.1
D479LG-CD4 50000 10.296 2 2850 138.4
D479LG-CD8 50000 9.042 2 1950 107.8
D479MN-CD4 75000 13.068 2 3866 147.9
D479MN-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-SPCD4 50000 10.56 2 2488 117.8
D479SP-CD8 50000 8.844 2 741 41.9
D492-BL-CD4 36000 9.5 2 3668 193.1
D492-BL-CD8 6000 54 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 JECD4 32000 17.5 2 3900 1114
D492-JE-CDS8 50000 17.5 2 2383 68.1
D492LN-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
D492L.G-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
D492SPCD4 50000 17.5 2 6016 171.9
D492SPCD8 50000 17.5 2 1812 51.8
Table 3.3 scTCR-seq metadata
, Number of Unique Clonality
: Lineage cells Unique Clones (sampled
Donor Tissue (by with TCR | Clones | (Sa8mpled | % sg
cluster) d to 150
ata cells)
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 CDh4 642 571 144 0.0048
D492 LN CDh4 1283 1261 150 0
D511 LN CDh4 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 CDh4 241 195 127 0.0247
D492 SP CDh4 287 284 148 0.00101
D511 SP CDh4 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 éxpanded CD4and CD8T cell clones in the lungs, jejunum, and skin
comparedo clones in tissuassociated lymph nodeBigure3.4b, Figure3.6). CD8'T cells also

exhibited significant clonal expansion in the blood, spleen, and BM compa@B4d cells

(Figure3.4b), consistent with a proportion of human T cells being widely dissemifated

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 CDZ cells across site§igure3.4c). Despite some variations between donors, BM,

spleen, lung, and blood were sites of extensive clone sharing féiT@eMls in all donors and for
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Figure 3.4: Distinct clonal connections define T cells in barrier sites.

CD4"and CD8T cells were isolated from nine sites of four individual donors (D461, D466, D479,
D492) forTCRBsequencinga, Pie charts showing relative clonal abundance for Q2#) 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+ clonbs.Combined frequency of the top 100 clones among*CD4
(left, green) and CDgright, blue) T cells. Bar height represents frequencies averaged across four
donors. Statistical significance was calculated usingwag ANOVA with repeated measures,
matched by donor for each tissue and QDBD8" s ubset , foll owed- by
comparisons test, comparing tissues within each subset.P*® 0. 0 0 B 1Q001;* * *
*P  @01; * QO5. Error bars representsd= 4 i ndependent human d
site).c, Morisita overlap index between pairwise cell populations of Q2#) or CD8 (right) T

cells. Color intensity is based on Morisita overlap indexClone 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 clonee, Network representation of CD4left) and CD8 (right) T cell clones in blood,
lymphoid, and barrier sites across the body. The diameter of each circle is propoatitrel t
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 dpic 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.

CDA4'T cells in 2/4 donors, with the other two donors showing extensive sharing between BM and
spleen Figure3.4c). By contrast, skin and jejunum T cells showed negligible overlap with other
sites for CDAT cells (all donors) and CD8 cells (3/4 donors), except for overlap with their
associated lymph node in some dondtigre 3.4c). A proportion of CD8T cells in the oldest
donor (D492) showed extensive overlap in all sitggyre3.4c), consistent with the presence of
increasedemra cells with agé a largely circulating subsét. Thisoverlap analysisevealsthat

CDA4'T cell clones are less disseminated and morespiteific compared to CD8 cells and that

T cells in barrier sites are more clonally segregated framlls in bloodrich and lymphoid sites
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Figure 3.5: TRBV and TRBJ gene usage of CD4and CD8' T cell clones across multiple

tissue sites and donors

Heatmaps shoWRBVusage by site and donor for CDRcells @) and CD8 T cells p) andTRBJ

usage by site and donor for CDRcells €) and CD8 T cells d). Donor and tissue are indicated

by color bars above each heatmap. Color intensity of each cell is based on celoona and
indicated by the color key accompanying each heatmap. Each unique clone is counted once per
donor.
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Figure 3.6: Clonal expansion of CD4 and CD8' T cells across sites

Combined frequency of top 100 clones among Cantl CD8 T cells from nine tissue sites. The

height of each bar represents mean frequencies averaged across four donors. Statistical
significance was calculated using tway repeated measures ANOVA matched by donor for each

tissue and CD4CD8" subset and comparing each subset with the other subset in that tissue,
foll owed by Sidakds multiple comparisons test
* p O 0.05. Error bars represent stomeattar d de

site). Forraw data and individual-palues, see source data.
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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 Figure3.4. 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 maintenancand/or migration. Abundant CD4and CD8T cell clones
identified within barrier sites are mostly confined to that ®tgejunum and skin, while clones
abundant in the lungs areaskd with lymphoid and bloedch 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 sero$teguse(.4d; Figure3.7,
Table3.1). By integrating clonal overlap and expansiongeaerated a model of CD4nd 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 @b&ared to CDA cells Figure
3.4e).
Sitespecific profiles for barrier sitdrm by SCRNAseq

To integrate analysis of tissue specificity with clonal origin, we performed siefjle
transcriptome profiling by scRNA&eq with paired TCRTRB and TRA sequencing of CDJ
cells from 8 sites of two donor3¢ble3.1). 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 CD4nd CD8 lineages Figure 3.8a,ly Figure 3.9). Subset

composition and their tissue distribution were consistent between the two deigore 8.8a,c).
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Figure 3.8: Single-cell transcriptome profiling reveals subsetand tissuespecific signatures

for T cells.
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(scRNAseq).a, UMAP embedding of scRNAeq 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 (fgh@justered heatmap displaying
normalized logtransformed expression of selected markers that were used to inform cluster and
subset annotation. Marker genes areatated by functional groups. UMAP embedding as ia,

colored by donor (left) or tissue (right) of origifem, central memory T cell; £, follicular helper

T cell; Trwm, tissueresident memory T cellfreg, regulatory T cellTem, effector memory T cell;

Temra, terminally differentiated effector memory T cell; MAIT, muceaabkociated 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 scRd&4.
UMAP embeddings as iRigure3.8 colored by Leiden clusters (top left), expression of selected
gene markers as indicated which were used in annotation of clusters (Rowant by MAIT
evidence (bottom right plot). Color intensity on the gene expression plots is based on scaled log
(nomalized count per ten thousand (CP10k)+1) for each marker. MAIT evidence indicates
whether scTCRSeq reveale@RAgene usagd,RBgene 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.
Naive CD4 and CDS8T cells expressing the stem cell fact@F7%°, SELL, andCCR7localized
primarily in the blood, spleen, BM, and lymph nodeég(re3.8a,b). CD4 subsets includetiegs
expressing-OXP3 TIGIT, CTLA4 andIL2RAIn the lung, skin, and lymph nodes, ahgl/TFH
subsets expressingCF7, PDCD1andCXCRS5in lymph nodes and spleeRigure 3.8a,b; Figure
3.9). Tem/Temra (CCL5 NKG7, GZMB, PRF)) cells were enriched in bloerith sites and lungs
and were predominantly CD@Figure3.8a,ly Figure3.9). Clusters dominated by CDé&wucosal
associated invariant T (MAIT) cells identified by expressioiRAV12, SLC4A10andKLRBE™
were primarily localized to blood, BM, spleen, and luRgg(re 3.8a,j Figure3.9). CD4" and
CD8'Trm defined by expression of residency markd®GAl, ITGAE VIM, CXCR§?%-:3%
localized primarily in the lung, jejunum, and skiFiqure 3.8a,ly Figure 3.9). A distinct cluster
desi gnat eTkmoi Gyxcpl Trensged epubliferatiorassociated genedKi67, PCNA
TOP2A CDK1) and was enriched in the lungsidure 3.8a,bp Figure 3.9). Overall, the tissue
distribution of T cell subsets was similar to that identified in different donors by CyFiQ&ré
3.1) and confirms that distinct clustering of T cells in barrier sites is largely diiaito

We examined the basis fdkv segregation by differential expression analysis between

barrier sitespecific Trm and other T cells from all sitegigure 3.10a), revealing upregulated

expression of tissuassociated genes specific to one, two, or all barrier $itgare3.10b-g).
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