ABSTRACT

WALSH, EVAN SCOTT. Development oAssays andAnalysesfor Single-Cell RNA and
ImmuneRepertoireSequencing (Under the direction of Dr. Xinxia Peng)

With cellular resolution to gene expression that shuglé RNA sequencing (s&NAseq)
technologies provide, researchers bagin to addresguestions beyond the purview of traditional
bulk RNA sequencing. As a result,-BiNAseq experiments have become increasingly more
commonplace in genomics and genetics studiessa@ range of disciplines. Despite its emerging
utility, many technical and analytical challenges persistiRNéAseq experiments and protocols.
Using some singleell platforms, such as 10x Genomics, a single experiment can yield up to
10,000 cells buts susceptible téow transcript capture ratesiringsequencing library generation.
These missing transcripts correspond to missing valuesRN#seq data and are therefore a
source of many computational challenges still to be addrdssgtiermore, reearchers interested

in performing paired singleell gene expression and immune repertoire sequencing analysis are
limited to working with human or mouse cells when commercial reagents are all that is available
to them. In this work, we demonstrate thersttomings of conventional S@RNAseq feature
selection methods and propose an alternative method with better performance across several 10x
Genomics datasets. Additionally, we develop and validate a new s@iglenmune repertoire
sequencing assay fomhé rhesus macaque animal mod&la¢aca mulattq Lastly, we
systematically analyze PacBio RNAseq data-8eq) of domestic ferreMustela putorius furp
splerocyte and lymph node sampleghis analysisallowed us to generate the first complete
referenceof ferretimmunoglobulin [g) and T-cell recepto{ TCR) constant region genes. This
reference allowd us tofurtherdevelop and validate a singbell immune repertoire sequencing

assayfor the domestic ferrdike that of rhesus macaque.



In Chapter 1, we begin by introducing the biological motivations underlying this work
and how the following chapters collectively address then€Hapter 2 we describe a pilot sc
RNAseq study investigating the role of Epidermal Growth Factor Receptor (Egfr) irothecfion
of glial cells (gliogenesis) in the developing mouse embryo cortex using a conditionally deleted
Egfr allele. Due to specific aims and experimental design of this study, we develop a supervised
feature selection approach employed in conjunctioth Wow-dimensional cell clustering and
embedding. This novel feature selection approach regsanificant associations between Egfr
genotype and oligodendrocyte developmental phase. These results served, in part, as motivation
for Chapter 3in which wedevelop a new, computational algorithm to perform unbiased feature
selection in sparse, higlimensional scRNAseq data. We illustrate that this method is robust to
technical gene expression heterogeneity when compared to the standard feature seléctdsn met
and performs better in multiple real and simulateeRBIAseq datasets. I€hapter 4, we
experimentally validate and optimize rhesus specific stngleimmune repertoire sequencing
(Repseq) assays that are fully compatible with commercial solutionsinglecell immune
repertoire profiling (10x Genomics). These assays include the ability to proflelowu n dant 009
cells, which is not available using commercial reagents for human and mo@w®agter 5 we
describe aranalysis of ferret PacBiso-seqdata for the annotation of Ig and TCR constant region
genes. In this chapter we describe, to our knowledge, the first complete reference of all known
ferret lg and TCR constant region genes. We subsequently use this reference as a resource to design
assays compatible withhe 10x Genomics singleell immune repertoire sequencing assay which
would enable more accurate anetiepth profiling of ferret Ig and TCR repertoirés Chapter 6

we provide summary remarks and future directions
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CHAPTER 1: INTRODUCTION



MOTIVATION

Our interests are to develop and improve computational methods, -s@lglassays, and
immunogenetic resources for better practices and a broader application ofcsihi®&lA and
immune repertoire sequencing in biomedical resedksla result our resarch has been divided

into two parts.

The first part of our singleell research focuses dhe development of eoccurrence
correlation analysis in sRNAseq data, primarily as a method of feature seledae.to the high
dimensional nature of SRNAseq data transforming the data into an interpretable number of
dimensions, while still capturing higfimensional variation in gene expression, is often critical to
effective interpretation (1). The first step of this transformation process is known asefeat
selection. Feature selection occurs by choosing the informative genes (features) that serve to
discriminate the different cell types and cell states that are present in a population (2). Our
motivation to develop this unsupervised feature selectiooriign (Chapter 3) stems from its
application in similar types of sparse sequencing data (3), its efficacy in a supervised manner

(Chapter 2), and limitations of current feature selection algorith@isgpter 3).

The second part of osinglecell research has focused on developing stagleimmune
repertoire sequencing assays and immunogenetic resourcesoftal organisms relevant to
infectious disease and adaptive immune response research. Our focus lies on the application of
thesetechnologies to rhesus macagues¢aca mulattapnd domestic ferretdustela putorius
furo). Rhesus macaques have been used to model the adaptive immune response to infectious
disease from such agents as varicella zoster (4), H¥),(&nd Sarov-2 (8), as well as other

immunerelated studies and diseases such as allograft rejection (9) andegsafthost disease



(10). Ferrets, similarly, have emerged as a popular model orgahisaman respiratory diseases

due totheir susceptibility to COVIEL9 (11) and human influenza infection (12,13).

To facilitate the proper translational application of model organisms such as rhesus
macaque and ferret, genomic resources and-gengration sequencing technologies must be
available. Specifically in this documg we have focused on designing assays and immunogenetic
resources that are compatible with the 10x Genomics paired gene expression and immune
repertoire sequencing analysis. The paired singlegene expression and immune repertoire
analysis has emerdeas arpowerful opportunityn which tostudy the adaptive immune response.
Multiple research groups have used this assay to identify neutralizing antibodies agai@siSars
2 infection in humans (14,15). However, commercial reagents used to targetnand &r
immunoglobulin (Ig) and T cell receptor (TCRanscripts in singkeell assays are only available
for human and mouselue to sequence variation of Ig and TCR genes across syeitets to
increase the application of thieigh-throughput, nextgeneration sequencing technology to

important model organisms such as rhesus macaque and ferret are therefore imperative.

CONTRIBUTIONS

In Chapter 2 we utilize a novel, supervised feature selection algorithm to reveal the effect the
Epidermal Growth FactdReceptor (Egfr) knockout has ghogenesis in théorebrain of mouse
embrys at day 17.5 of embryogenegisl7.5). Feature selection is an important step in the
clustering analysis of SBRNAseq data. Feature selection is the process in which a sulgysstesf
(features) is selected as input to dimension reduction techniques such as Principal Components
Analysis (PCA) (16) and Uniform Manifold Approximation and Projection (UMAP) (17), as they

are assumed to be useful in segregating the different ceB typeell states in the population.
Selecting incorrect or inappropriate features to be used in PCA, UMAP, and cell clustering can

3



lead to incorrect or aberrant cell clustering and classification. ufitiey of this supervised

approach prompted us to systatically evaluate standard feature selection approdanhes
RNAseganalysiand design an unsupervised approach to
limitations and pitfalls. We clearly demonstrate how our new approach is not susceptible to the
same technical challenges. Together, the results presente@hapter 2 and Chapter 3
demonstrate the utility and increased performance of our feature selection algorithm to complex

single-cell RNAseq datasets.

In Chapter 4, we used the 10x Genomics immuneffiirg assay (18) to generate paired
gene expression anglTCRimmune repertoires of thousands of rhesus macaque single cells from
multiple sample types and tissues. To our knowledge, this was the first-selglenmune
repertoire profiling assay perfoed in rhesus macaque cells. In addition, our assay was able to
successfully target and enrich for the lowly expressed TRG and TRD transcripts, which is not yet
available using human or mouse commercial reagents. Using similar computational analyses to
previous work in our lab, irChapter 5, we profile fulllength Ig and TCR mRNA transcripts to
increase the immune repertoire resources available for the domestic ferret animal model and
demonstrate a singleell, ferret specificlOx Genomics immune repertoipofiling assay.In
Chapter 5, we annotate variable (V), diversity (D), joining (J), and constant (C) region genes from
all known Ig and TCR isotypes and chain tygesllectively, the results and analyses described in
Chapter 4 andChapter 5 establish a computational pipeline which utilizes PacBiesks®p data
to establish the immunogenetic resources and PCR primers needed to perform the 10x Genomics

immune repertoire profiling assay in any model organism.
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CHAPTER 2: SUPERVISED FEATURE SELECTION USING CO-OCCURRENCE
CORRELATION ANALYSIS: A CASE STUDY OF SINGLE CELL RNA ANAYLSIS OF
CONDITIONAL DELETION OF EPIDERMAL GROW TH FACTOR IN THE MOUSE
EMBRYO FOREBRAIN



INTRODUCTION

Due to rapid technological advances, singgdl RNA sequencing (sBNAseq) is becoming a

popular technology for profiling gene expressions at stngleresolution. A standard analysis of
sGRNAseq data is to cluster cells based on the similarities and differences of their expression
profiles, and to assign cell typebkals based on the detection of established marker genes within
individual cell clusters. To cluster cells in these hdymensional datasets, a subset of
6informatived genes will be selected and wused
princdpal component analysis (PCA) and uniform manifold approximation and projection

(UMAP).

Choosing informative genes for cell clustering is known as the feature selection step. The
common strategy for feature selection is to choose about 500 to 3000 gdnekewargest
variances in the dataset. Since the estimation of the variances of individual genes does not rely on
any information about specific experimental c
here. However, often researchers are iat®vested in investigating the functions of specific genes,

therefore a more targeted approach may be more desired.

To address this need, here we present a supervised feature selection approach which is
based on the eoccurrence measurements inRNAse] data. In particular, we applied this
supervised approach to investigate the impact of conditional deletion of the Epidermal Growth
Factor Receptor (Egfr) gene during the mouse embryo forebrain developmenRbiAseq
analysis. It is known that the batanbetween the two major cell types within the brain (neurons
and glia) and their genesis is critical for the functional growth and development of the central
nervous system (CNS). Therefore, the balance between neuronal and glial cell development is a
precisely regulated process that is controlled by both internal and external mechanisms acting of
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neural stem cells (NSCs). Aberrant production of either neurons or glial cells is common too
several neurodevelopment diseases such as multiple sclerosigiéh), @), and brain tumors (3).
The need to understand neuronal vs glial cell fate specifications is therefore relevant to understand

these neurological disorders and potential treatments or therapies.

Due to the ability of NSCs to undergo neurogenic diaygnic processes the segregated
generation of these major cell types has been extensively studied. One of the most important
signaling molecules in the developing forebrain and known to be expressed in NBGs Egfr.

The role that Egfr plays in thegenic processes, as well as other aspects of the neuron and glial
cell maturation, has been robustly studied. Knockout and gain of function studies of Egfr have
demonstrated defects in astrocyte proliferatiorl@B and increased progenitor cell migratio
(11,12), respectively. Additionally, Egfr expression has been linked to oligodendrocyte
development (13) and an increase in likeliness to give rise to glial cells (14). In all, these studies
show convincingly that Egfr may play significant roles in tleelopment of the CNS and the

temporal segregation of neurogenesis and gliogenesis.

To gain better i nsi ght into the extent

collaborator Dr. Troy Ghashghaand his group at NC State University selectively abl&gfr

using an established conditional allele (12) in Nestan mice. Comparison of wHtype and
conditionallydeleted brains was performed usingR¥d¢Aseq, a now popular technique for
studying heterogenous tissues such as CNS at developmental tine (A6iA1). Using our
supervised feature selection approach we were able to demonstrate that Egfr might play critical
roles in the development of oligodendrocytes. These results demonstrate that supervised
approaches can be attractive alternatives to atandeRNAseq methodologies for targeted

investigations.



RESULTS

Single-cell transcriptomic profiling of Nes:MADM:+/+ and Nes:MADM:F/+ mouse embryo

cortices

To investigate the role of Egfr in the gliogemitocesses of the cortex we utilized Nes:MADM
cells on the F/+ background. Clonal recombination within the F/+ cortices results in a wildtype
(red) cell with two functional Egfr alleles. These wildtype red cells produce double the dosage of
Egfr relative o their environment, while their sister green cells are-Bgl We transcriptionally
profiled mouse neocortical cells from Nes:MADM:+/+ and Nes:MADM:F/+ backgrounds.
Cortices wereamicro dissectedand MADM cells were sorted and subject to the 10X Geogmi
Chromium platform. We generated highality transcriptomes for 5,837 Nes:MADM:F/+GFP,
6,834 Nes:MADM:F/+Td, 3,679 Nes:MADM:+/+Td, 3,282 Nes:MADM:+/+GFP cells for a total

of 18,106 cells from 3 biological replicates per genotype. Sioglidibraries vere sequenced to

a median depth of 4,48mique molecular identifiers (UMIs) peell and detected a median of
2,007 genes/ce{Supplemental Figure 1b) The depth of sequencing was comparable to those in
recent studies (18,19). Based on the Uniform Maaifpproximation and Projection (UMAP) of

cell gene expression profiles, we were able to observe the four major cell clusters which showed
mutually exclusive expression patterns of broad-tygé markers genes includingteurod2
(excitatory neurons)fsad2(inhibitory neurons)Mt3 (astrocytes), an®lig1/2 (oligodendrocytes)
(Figure 1b). These major cell types were iteratively assigned to cell barcodes subsequently

(Materials and Methodg)-igure 1a).

After our cell type classifications, we next wanted to assess the frequency of Egfr
expression across genotypes and cell types. Egfr in the cortex has been detected as early as E13
(11), but at very low levels. Egfr expression increases at E16 (11,2&2[#8l, coincides with the
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Egfr expression frequency. A) Integrated UMAP reduction of the four major cell types predéasiMADM:F/+ ani
Nes:MADM:+/+ split by their genotype. B) Celype analysis of Nes:MADM cells. Canonical maglbe analysis of i
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across the four major cell types. Numbers on top of bars represent the raw number of cells that Egfr was dett

decline in the production of neurons (24, 25) and the shift to an increase production of glial cells.
The reports on the temporal expressions of Egfr were consistent with what was detected-in our sc

RNAseq data. We observed a higher frequency of Egfrs aelstrocyte and oligodendrocytes
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then we did in either excitatory or inhibitory neurons, among the threevigftype samples
(Figure 1c). Furthermore, the frequency of Egfr+ was significantly lower in the-ggjfrcell line

Nes:MADM:F/+GFP, providig us with confidence that the knockout was successful.

Due to the potential role of Egfr in gliogenesis and other glial cell developmental processes,
we next wanted to determine if Egfr genotype was associated with our major cell type
classifications. Taletermine if there were potential associations between genotype and cell type,
we ran a chisquare test for independence between the frequency of cell type and Egfr genotype
and found the two categories t ovallee6.G2e2§ni fi ca
(Supplementary Table 1) Next, we were interested in what cell type by genotype combinations
were driving this significant association. Therefore, we calculated the standardized residuals for
each contingency table entry and used permutatidgsasaf our discrete categories to determine
if any residual values had absolute values greater than what was observed by random chance
(Materials and Methods). Standardized residual values represent a statistical measure of the
deviation between the olrsed and expected number of items (cells) per category. Positive values
represent more observed items than expected and vice versa. We observed two significant
standardized residual values. The oligodendroches:MADM:F/+Td entry had a residual value
of 10.48. The oligodendrocytd Nes:MADM:F+/GFP had a residual value o6#.49
(Supplemental Table 1) Due to the fact that our significant residual values were observed in our
conditionally-deleted samples (Nes:MADM:F/+) and the cell type with the higheguéncy of
Egfr+ cells (oligodendrocyteswe were motivated to perform a salustering analysis of

oligodendrocytes.
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Sub-clustering analysis of oligodendrocytes driven by Egfr c@ccurrence analysis

Despite Egfrexpression being most frequent within the population of oligodendrocytes, in
approximately half of oligodendrocytes Egfr transcripts was not detected. Based on these findings,
we wanted to use the Egfr expression pattern to guide our bioinformatic analfysi
oligodendrocytes. To do this, we first classified oligodendrocytes into two groups based on their
expression of Egfr (Egfr+ : nonzero UMIs, Egfrzero UMI). Next, we measured the-co
occurrence correlation between the Egfr and the other 15,566 geqpesssed among
oligodendrocytes. Goccurrence analysis treats gene expression data as a binary indicator of the
presence or absence of a gene transcript in a cell has been shown to be a statistically robust way to

determine positive and negative correlas between genes (26).

Using coeoccurrencebased correlation, we identified 61 genes that were positively
correlated with Egfr and 54 genes that were negatively correlated within oligodendrocytes (adj. p
value < 0.05). Display of the 115 Egforrelatedjenes in a binary, hierarchieglustered heatmap
revealed several gene expression modules present within the oligodendrocyte population
(Supplemental Figure 2) To visualize the transcriptional heterogeneity across oligodendrocytes,
we thus used those fegorrelated genes as input to Principal Components Analysis and

subsequently UMAP andeans clusteringFigure 2a&b).

After embedding and clustering the oligodendrocytes with-Egirelated genes, we used again

used a chi square test for independdoadetermine if there was an association between genotype
and, in this case, our newly generated 2l uste
= 66.7, pvalue = 6.82€11), we again calculated the adjusted residuals for each contingbley ta

cell to determine the source(s) driving the association. In this case, we determined four

contingency table entries to be significant via permutation ana{ysible 1). Cluster OV
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Nes:MADM:F/+Td had a positive, statistically significant value whil@uster 0 1
Nes:MADM:F/+GFP had a negative, statistically significant value. The opposite trends among the
two Nes:MADM:F/+ genotypes were observed in associatiith Cluster 1. We observed that

Egfr expression was highly concentrated in clustéfigure 2c) and therefore we reasoned that
this was why we observed the significant increase in Nes:MADM:F/+Td cells and significant
decrease in Nes:MADM:F/+GFP cellso Try to determine why the opposite associations were
observed between Nes:MADM:F/+ and cluster 1 we utilized differential expression analysis in
order to identify gene expression signature€loister 1 cells. Interestingly, the top two genes

upregulatedvithin cluster 1 were DIx1 and DIx@&igure 2c).
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Table 1 Oligodendrocyte chi square test Bssociations between cell genotype and cluster ID. Reported in this table
standardized residual values of the test and whether that value was significant determined via permutation analysadlyAc
reported are the observed and expected nuofeells, and the scaled deviation between observed and expected. Stati:
significant associations are highlighted in gold.

Oligodendrocyte F+/++ chi square test: genotype X cluster ID
Genotype | Cluster_ID| StdRes | Significant Obs Exp O-E/E
++ GFP 0 0.69 FALSE 34 31.38 0.08
++ Td 0 -3.27 FALSE 26 39.8 -0.35
F+ GFP 0 -5.94 TRUE 13 37.46 -0.65
F+ Td 0 6.23 TRUE 178 142.36 0.25
++ GFP 1 -1.3 FALSE 13 17.38 -0.25
++ Td 1 1.61 FALSE 28 22.04 0.27
F+ GFP 1 5.05 TRUE 39 20.75 0.88
F+ Td 1 -3.95 TRUE 59 78.84 -0.25
++ GFP 2 1.92 FALSE 16 10.62 0.51
++ Td 2 0.82 FALSE 16 13.48 0.19
F+ GFP 2 0.77 FALSE 15 12.69 0.18
F+ Td 2 -2.44 FALSE 38 48.21 -0.21
++ GFP 3 -1.49 FALSE 4 7.62 -0.48
++ Td 3 1.98 FALSE 15 9.67 0.55
F+ GFP 3 1.49 FALSE 13 9.1 0.43
F+ Td 3 -1.54 FALSE 29 34.6 -0.16

DIx1 and DIx2 are members of the DIx gene family which consists of homembuaining
transcription factors (27) and have been extensively studied in the context of perinatal glial and
neuronal developmerfteviewed by 28). Because DIx1&2 expression appeared to be a signature
of cell in cluster 1, and their relevance to neural and glial development we investigated their
relationship to Egfr in terms of eaccurrence correlation. All DIx family genes, incing
antisense DIx ncRNAs, appear to be negatively correlated with Egfr expréBgione 2d &
Supplemental Table 2) We also looked at expression of DIx1 and DIx2 across our major cell
types and found that it was overly expressed in the population dfitoryi neurons (Data not
shown). In summary, Nes:MADM:F/+GFP oligodendrocytes are characterized by expression of

DIx1&2 and whose expression patterns are negatively correlated with Egfr.

15



DISCUSSION

In this study, we presented a supervised feature selection approach to an&twkseq data

from wild type and conditionallgleleted Egfibrain cells in the mouse cerebral cortex at E17.5.
We demonstrate an upregulation of Egfr expression in glial cell populations compared to neuronal
at this time point and differential cell clustering based on Egfr expression pattern (genotype).
Olig2-expressing, Egfmull cells were characterized by upregulation of DIx1&2 homeobox
transcription factors. These gene were not only upregulated bynEgfrells, but also negatively

correlated with Egfr itself and abundantly expressed by inhibitory neurons.

These findings are highly consistent with the current knowledge. For example, DIx1 and DIx2
have been welieported as having critical roles in the specification of progenitor cell types in
several locations within the developing brain, specifically invavinhibitory (GABAergic)
neurons (2B1). In addition, DIx1&2 have specifically been reported to repress oligodendrocyte
precursor cell (OPC) by negatively regulating Olig2 expression (32), and that Olig2+ positive cell
may be able to enter an inhibitamguron development (33,34). Additional biological insights will

be described separately. To further characterize the functional differences between Olig2+/Egfr+
and Olig2+/Egfr cells future work could include DIx1/2 eoccurrence correlation in conjunati

with functional enrichment analyses (35). Furthermore, given the reported role of DIx1/DIx2
expression in progenitor cells becoming inhibitory neurons, separate analysis of inhibitory neurons

may reveal additional gene expression differences betweetWEQGand EgffNULL cells.

Instead of following standard workflows of-RiNAseq analysis, we devised an alternative feature
selection strategy to investigate the functional impact of Egfr deletion. Our strategy is particularly
suited for exploring the funicins of specific genes, e.g. Egfr in this case, using large scale sc
RNAseq datasets. Typically overall transcriptional changes in cells captureeRiWNAse(q data
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represent diverse molecular functions. The influence of a specific gene may only reffesdt a s
portion of the broader tr anscr irRNAsegpworkflowsc hange
could miss the genspecific changes. The particular events that are closely relevant to the gene

could also be Oburied6é i nmmgtodisoqudrex resul ts whi

A more detailed description of applying-oocurrence correlations for-8NAseq data analysis

is presented in Chapter 3.

METHODS

s¢-RNAseq data generation

The seRNAseq data used in this study was kindly provided by our collaborat@iashghaei
and his group at NC State University. Additional experimental details will be provided in separate

publications.

In brief, mice were used under the regulations and approval from Institutional Animal Care
and Use Committee and at North Caroliatate University Mice were housed in a if#our
light:dark cycle with ad libitum access to food and water. Mice were generated using MADM
alleles according to published protocols (9,1M@)x Genomics platform and standard protocols
were used to obtain tlse-RNAseq data. In brietells were washed in resuspension buffer (RPMI,

10% FBS), collected by centrifugation at 700 x g, and resuspended at an appropriate concentration,
between 700 and 1200 cells/ml. All cells were counted by hemocytometer and assayed for viability
using a Coatess Il automated cell counter (Thermo Fisher Scientific, Waltham, MA). From each
sample, a maximum volume containing 17,000 cells, ha®@% of viable cells, were loaded

onto the 10x Chromium (10x Genomics, Pleasanton, CA) controller for a targétextceéry of

10,000 cells (Chromium Next GEM Single Cell V(D)J Reagents Kits v1.1_ReVE; 10x Genomics).
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cDNA amplification was carried out at 13 cycles of amplification for all samples and assayed for
guality and concentration using a Bioanalyzer 2100Higt Sensitivity DNA Kit (Agilent, Santa

Clara, CA).

Final gene expression libraries were run on a Bioanalyzer 2100 with a High Sensitivity
DNA kit (Agilent) to assess library size and concentration. Further analysikbrairy
concentration was performeging a Qubit 3 fluorometer (Thermo Fisher Scientific) coupled with
the sizing data from the Bioanalyzer to determine appropriate loading concentration for each
library. Sequencing was performed using a NextSeq 500 sequencer (lllumina, San Diego, CA)
using 150 cycle kits in a pairednd fashion. Runs were programmed to generatelp26ad 1
sequence consisting of the-bf 10x barcode and 4fp 10x unique molecular identifier (UMI),
an 8bp index read, and a 13 read 2 sequences of the cDNA insertxioagist the number of
cycles available in the kit. Sequencing depth was targeted at a minimum of 20,000 reads per cell
as recommended by the 10x Genomics workflow (Chromium Next GEM Single Cell VDJ

Reagents Kits v1.1; 10x Genomics).

scRNAseq data preprocesing and integration

Raw sequencing data were demultiplexed, aligned to the Mus musculus (mm10) genome
annotation, and UMI collapsed using the 10x Genomics cellranger (v4.0.0) commands mkfastq
and count, respectively. Raw gene expression matrices weredloath Seurat (v3.1.5) (36)
objects and a G2M score, S score, cell cycle phase, for each cell, was estimated based on the
normalized expression of canonical cell cycle marker genes. Next, gene expression matrices were
normalized and scaled using the SG&farm (37) method, with G2M score and S score variables

asigned to the vars.to.regress parameter of the normalization method. SCTransform removes
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confounding effects using regularized negative binomial regression with sequencing depth and

other input vables as covariates.

Quiality control was performed on each dataset to remove poor quality cells. We observed
that low quality cells were characterized by a low overall number of UMIs and a high percentage
of UMIs mapping to mitochondrial genéSupplemengl Figure 1a). As a result, any cell that had
greater than 5% of UMIs mapping to mitochondrial genes were removed from all downstream
analyses. After normalization and quality control, expression data from the four samples were
i ntegrat ed u stratregy(38p Bneflya cadosical \c@relation analysis (CCA) is
performed to project thdatasets onto a subspace defined by shared correlation structure across
datasets using the shared scaled genes. We assessed the integration performance by visualizing
technical factors such as sequencing depth and library in UMAP space to determine if technical

factors appeared to be driving cell clusteriS8gpplemental Figure 1c)

Analysis and graphic display of seRNAseq data

To perform downstream dimension redaatiand cell clustering we also utilized the R package
Seurat (v3.1.5) (36). In the initial embedding and clustering of all cell types, principal components
analysis was performed using the normalized and scaled expression levels of the 3000 most
variadbleg@ nes i n the integrated dataset. Based on
components were used as input to UMAP embedding. Differing numbers of principal components
were additionally tested, but with little difference in UMAP embeddinglt®so the recommend
number was used. After embedding cells, major cell types were iteratively assigned to cell types
based on their normalized expression levels of the canonical cell type méekeosi2(excitatory
neurons),Gad?2 (inhibitory neurons),Mt3 (astrocytes), andDligl/2 (oligodendrocytes). We

decided to use these marker genes to discern cell types due to their high frequency of expression
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and mutual exclusive patterns. Cell barcodes were assigned to a type of cetirbagech gene
they expressed at the greatest, normalized level. If a cell did not express any of the five marker
genes it was assigned to the most frequent cell type among its 10 nearest neighbor cells in UMAP

space.
Egfr co-occurrence correlation analyss

To perform our sufzlustering analysis of oligodendrocytes we measured theccorrence

correlation of Egfr with the remaining genes expressed among oligodendrocytes. To do this we

first converted our oligodendrocyte gene expression matrix to bindrgrewall zero values

remained, and all nerero values were converted to 1. If gene expression in a cell is represented

as 1s (presence) and Os (absence) then the relationship between Egfr and another gene within a
cell falls into four categories: eaccurence (a), mutual exclusion (b & c), andalosence (d). The

respective frequency of the four categories across the cells in a sample defines the correlation
between the two genes. Subsequently, correlations between genes can be both negative and
positveeWe define the measure of correlation betw

Similarity (1).

o — 2 (1)
W W w

The hypergeometric distribution can be used as
where the parameters of theodel come directly from the frequency of the four categories that

define the Egfgene relationship (2) (39).

ao (2)
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®3)

" (4)

Determining the probability of exactly x observedarzurrences betwedigfr and gene 2 can be
represented as a random sampling with replacement problem as follows: m is the frequency of
cells which express gene 1, x is the frequency of cells that exprgsgenes, n is the frequency

of cells that do not express gene 1, and k is the frequency of cells that express gene 2. Thus, P(X
= X) represents the probability that selecting k cells that express gene 2 results in exactly x cells
that also express gerfe when there are m+n cells in the population, m of whichcare
occurrencesFor all gene pairs, exact probabilities ofaurrence at a frequency greater than or

less than what is observed are calculated as (3) & (4) respectively.

The genes that eoccurred with Egfr at a probability below our significance threshold (alpha =
0.05, Bonferroni multiple testing correction) were then used as inputs to the dimension reduction

techniques described above using the same sets of parameters.
Additional statistical analyses

In addition to ceoccurrence correlation analysis, we also performed multiple chi square tests for
independence. Chi square tests were performed in using the chisqg.test function in the R (v4.1.0)
programming language. The chi square statistigalpe, obsrved number of cells, expected
number of cells, and standardized residual values were all taken from the chisqg.test function output.
To determine if a standardized residual value was statistically significant, we permuted the discrete
category labels useith the chi square test 500 times and reran the test to generate a random

distribution of standardized residual values. Any observed standardized residual values that fell
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out of the range of the random distribution were considered statistically sighifiéferential
expression analysis was performed using Wilcoxon Rank Sum test within the FindAllMarkers
function from Seurat with min.pct and logfc.threshold parameters both set to the default value of

0.1.
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CHAPTER 3: FEATURE SELECTION USING CO -OCCURRENCE CORERLATION
IMPROVES CELL CLUSTERING AND EMBEDDING IN SINGLE CELL RNAseq
DATA
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INTRODUCTION

Single-cell RNA sequencing (sBNAseq) is an emerging and powerful technology that enables
researchers to study gene expression heterogeneity with-sglglesolution. This technology
gives researchers the power to identify novel cell types (1, 2) and reconstruct differentiation
trajectories (3, 4). With many platforms now available, including SMARTseq (5), DropSeq (6),
InDrop (7), Chromium 10x (8), and SPL-Beq (9), sRNAseq is becoming more commonplace

in genetics and genomics studies.

Despite the rapid technological advancesRBAseq is still limited in its gene detection
and transcript capture capabilities. With higfnoughput microfluidics systems, such as the
Chromium 10x, upwards of 80% of mRNA transcripts are lost during polyA capture and reverse
transcription 8). Furthe, which transcripts ar@st,and which are captured is a stochastic process
with significant celito-cell variation. This loss of transcripts results in a phenomenon known as
Adropout oO. Dropout occurs when getamthercelbai scr i p
the same type (10). Dropouts, along with the high dimensionalitylRNg&seq data, make typical
downstream analyses such as cell type identification, pseudotemporal ordering, and differential

expression testing more difficult.

In an efbrt to understand transcriptional heterogeneity in thesedimgbnsional datasets,
most seRNAseq analyses start by clustering cells in a dimensionadlyced space, then assign a
cell type label to each cluster based on the expression of the canoar&al penes within that
cluster. To cluster cells, a set of informative genes is selected and used as input in dimension
reduction techniques such as principal compaamalysis (PCA), -distributed stochastic
neighbor embedding (tSNE), and uniform maldfapproximation and projection (UMAP) (11,
12). Choosing these informative genes is known as feature selection. The most common strategy

28



of feature selection is to select about 500,803 genes with the largest variances in the dataset.
Examples of mdtods that use this approach include BASICS (13), Brennecke (14), scLVM (15),
scran (16), and Seurat (17). To avoid any misclassification of cells due to dropout, some methods
go as far as to try to permute dropouts using imputation. Moreover, imputatibadseuch as
Rescue (18) and MetaCell (19) also rely on clustering similar cells based on highly variable genes

to estimate permuted gene expression values.

The motivation for using highly variable genes (HVGSs) to interrogate the different cell
types andcell states within s&kNAseq data comes from the intuition that high variance is an
indicator for the geneds presence in one biolc
an accurate measure of a generds ofartihmen cgee meed s e
levels in single cells. Therefore, due to the incomplete transcriptomic samplinBMAseq data,
the obtained gene expression levels vary not only with the different cell types present in the data,
but also with the stochasteffects of this sampling process. As a result, gene transcript abundances
within individual cells are either severely underestimated or completely absent. Therefore, the
variance of a gene is likely estimated incorrectly. Here we show how these ina@pedssion
level measurements result in uninformative genes selected by theseahimice based feature

selection approaches.

To mitigate this challenge, we focus on the expression patémsnes rather than the
expression levels, of genes to identify informative signals in the data and perform feature selection.
We define the expression pattern of a gene to be the distribution of cells it is present and absent in.
We hypothesize that the genepressed in the cell types will have correlated distributions across

single cells.
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To leverage these gene expression patterns, here we develop a new feature selection
algorithm by measuring the correlations between genes ushogotorence. To calculateo-
occurrence, skNAseq gene expression data is treated as a binary indicator of the presence or
absence of a gene transcript in a cell. We demonstrate the effectivenesscalugence in
clustering and identifying cell types in real and simulate®Né&seq data sets and compare the

results to the standard feature selection methodology.

RESULTS

We intended to compare the performances in cell clustering and embedding of commonly used
high-variance feature selection methods to the alternatheecarrencalgorithm. Our motivation

for developing this algorithm came from the observed limitations of typicah@aghnce feature
selection methods for &RNAseq data analysis. We evaluated the impact of feature selection
methods on cell clustering and embedygdin terms of silhouette width and adjusted Rand Index
(ARI). Overall, our results show that the limitations of Rigiriance feature selection methods

may be mitigated using the alternativeaaxurrence algorithm.

Outlier UMI counts can significantly skew variances obtained by standard feature selection

methods

Starting from rawunique molecular identififUMI) counts, the typical SRNAseq data analysis

pipeline includes normalization, feature selection, and dimension reduction steps. Feature
selectionis performed in order to select for only genes tikaly showbiologically meaningful
differences across cells. Normalized expression levels of these selected features are used as inputs

to dimension reduction in order ¢tuster individual cells and tasualizecell sulpopulationsThe
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most common approaches to feature selection measure some form of gene variance and select the

top 5003,000 genes with thargestvariance.

Considering thencomplete and inconsistent transcriptomic samptihndividual genes
in scRNAseq analysis, we expected gadecton of the top genes based on a measure of variance
would besusceptible téhe large technical variabilities in the measuremenexpfession leval
These technical effects on the variai@m geneexpressiomuantificationswereexemplified by
comparison of raw UMI counts of DPH6 and FCGR1B inghblicly available PBMC 3K data.
Both genesveredetected in exactly 60 out of the 2,638 filtered cells in the population. Of the cells
that expresst FCGR1B, 57 cells ltha UMI count of one and three ¢ha UMI count of two. Of
the cells that expresdDPH6, 57 cells hdha UMI count of one, two ttha UMI count of two, and
one cell has a UMI count of §Eigure 1a). The oneextremely larg®dPH6 UMI court had a great
effect on itscalculatedstandardized variance. DPH6d® standardized variance of 1.40 (ranked
1615 ; as a result, DPH6 was selected by Seura
PCA. On the other hand, FCGR1Bdha standardizedariance of 0.85 (ranked ®4") and
thereforewas not selecte@Figure 1b). This drastic difference in standardized varianasclearly
driven by only the single, maximum UMI count in DPH®& investigate the prevalence of this
observed &ouwtnoingr tehfef e2c,t000 HVGs sel ected by t
in the count matrix we converted the maximum UMI count to its median nonzero UMI count
before calculating standardized variance. If the HVGs were robustly upregulated in one population
of cells and not expressed in others, then the standardized variance of each HVG would remain
high despite changing only one maximum UMI count. This was also done in parallel with 2,000
randomly sampled low variance genes (LVGSs). Originally, the last géeetest by VST feature

selection, which had the 2,00Bighest variance, had a value of 1.23. After converting maximum
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Figure 1. Outlier UMI counts inflate standardized variance in PBMC 3k dayaNonzero UMI count distributions
DPH6 (HVG; red) and FCGR1B (LVF, teal). Both genes were detecte@® oubof 2638 cells. B) Distribution o
standardized variances. Colored lines ¢atk the value of FCGRBL1 (teal) and DHP6 (r&j))Standardized variances
2,000 HVGs and 2,000 randomly sampled LVGs before and after converting the maximum UMI count to th
nonzero UMI countThe ed line indicates the minimum standardized varéaof the original 2,000 HVGs.

UMI counts, only 414 of 2,000 HVGs had standardized variances above the 1.23 thiféigfunéd

1c). This indicated that the standardized variances of many HVGs were inflated by their maximum
UMI counts. Further, thenedian standardized variance among HVGs changed drastically from
1.54 to 0.89 while the median value of LVGs changed only from 0.89 to 0.86. These results clearly
show that the single maximum UMI count can significantly inflate the standardized variance

cdculated for a gene.
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Co-occurrence based feature selection method detects a high fraction of informative genes

compared to highvariance based feature selection methods

Due to the observed tendency for maximum UMI counts to inflate the standardized earfianc
HVGs, we next sought to evaluate hewell the cellsin the PBMC 3kdataset could be clustered
usingtheseselected HVGsSpecifically, we were interested in if and how the HVGs daifien
cell clustering compared to @currenceelectedeatures. Bcause caccurrence treatbegene
expression data as binafgr feature selectignthe two sets of selected features npayform

significantly different

Using the PBMC 3k dataset, HVGs were selected separately using the VST and
SCTransform feature sefton methods from Seurat. SCTransform is a newer feature selection
and normalization method i mplemented in Seur at
uses the variance of Pearson residuals from the regularized negative binomial regresdioh mode
UMI counts rather than the standardized variance of the VST method. The SCTransform method
also selects the top 3,000, rather than 2,000 from VST, features by default. Despite the differences
in variance calculations, over 80% (1,861) of the top 2@¥tes selected by SCTransform and
VST methods were the same. On the other hand, the twevargince feature selection methods
had far fewer genes in common with theamrurrence feature selection. VST had 545 genes in
common with ceoccurrence while STansform had 910: both less than 50%upplemental

Figure 1).

Because the majoritpf VST and SCTransform HVGs were not selectedtiy co-
occurrencanethod we nextinvestigated the influences of feature selections on the downstream
cell embeddingand clstering To do thiswe generated four subsets of featutks:intersection

of featuresfrom VST and ceoccurrencefeaturesmutually exclusiveo VST or ceoccurrence
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Figure 2. UMAP reductions comparing the performance of V&md ceoccurrence selected featu
Reductions were generated using the intersection of VST and cooccurrence features (top, left
exclusive to cenccurrence (top, right), features exclusive toTV@®ottom, left), orl,500 randoml
selected and previously unused features (bottom, right).

and a random set of previously unused features separately. After generating the cell embedding
and clustering othe PBMC 3k cellsising each subset of featureg overlaid cells with theicell

type informatond et er mi ned by Seur at 0 samgdataset.Bothute anal )
intersection of the two sets of features dhd subset ofeatures exclusive to eoaccurrence
maintairedcell type clustering and samtion but the featureexclusive to VST il not maintain

the same level of cell type resolutigRigure 2). We observed very similar results from the
comparison betweeSCTransformand ceoccurrencgSupplemental Figure 2) These results
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Table 1. Performance comparison of the-@ocurrence and VST or SC
derived features in the PBMC 3k dataset measured by silhoutte widtt

ARI.
Features Silhouette ARI
Width
VST Z cooccur 0.366+0.44 0.627+0.02
cooccurP VST | 0.268+0.44 0.553+0.04
VST P cooccur -0.083+0.29 0.215+0.01
SCTZ cooccur 0.392+0.45 0.668+0.03
cooccurP SCT 0.213+0.44 0.518+0.02
SCTP cooccur 0.02+0.32 0.333+0.07
random -0.141+0.24 0.186+0.03

indicate many oVST- and SCTransforrselectedHVGs were not informative in terms of cell

type identification.

To evaluate the reproducibility of these results, standardized variances-aocuc@ence
correlations were again computed using a randomly selected 80% of PBMC 3k cells for feature
selection. Snilar subsets of features were then used to cluster the remaining 20% of cells. We
used Seur at Omearls algonthans to geaemate PBRMC 3k cell clusters, then compared
these to the cell types Seurat identified previously with two complementangsnéte silhouette
width and the ARI. When comparing the features from either the VST or SCTransform methods
to the features from the amcurrence method, we obtained largest silhouette width and ARI
valuesfrom the intersection of the two feature seftd)lowed by features exclusive to <o
occurrence, features exclusive to the highiance feature selection, and lastly 1,500 random
featureqTable 1). This indicates that cells of the same cell type had the smallest average distance
between them relativi® the nearest neighbor cell type in the UMAP space and that the clusters
generated were most consistent with the annotated cell types when using the intersection of

features. The qualitative loss of cell type resolution with features exclusive to VST and

SCTransform methods in the UMAP space shown alibigure 2) resulted in a quantitative
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decrease in clustering performance in terms of Ibogfrics.In addition, despite differences in
performance between emcurrence and highariance feature selectionethods, the number of
features selected was quite similar. Theocourrence algorithm, on average, selected 1,614
features, compared to the 2,000 features by the VST method and 3,000 features by the

SCTransform method.

Discordance between HVGs derived deeclustering and known cell types may be recovered

using the ceoccurrence based clustering

Thus far, we have shown that many HVGs had inflated variances due to outlier UMI counts.
Overall, these HVGs with inflated variances did not capture the knowtypelkignals in the data

and were not suitable for cell embedding and clustering. To further examine the potential negative
impact of including uninformativgenes on cell clustering, we also useebcourrence and VST

derived features to cluster cellssaparate FAGorted PBMC datasets. The authors who curated

these datasets divided FAQ@S8rified PBMCs into three datasets: eight types of cells in equal
amounts (6Zhengmi x8eqb6), four types of <cell s
ofcellsi n unequal amounts (6Zhengmi x4uneqd). Bece

sorted before sequencing, grotingth cell type information was known.

Using features selected by either the VST eocourrence methods we were able to cluster
and idenify greater than 90% of B cells, CD14 monocytes, and CD56 natural killers in each of
these three datasets. However, naive cytotoxic T cell clusters in all three datasets were correctly
identified using the features from the-cocurrence method but not t&T method(Figure 3).
Instead, naive cytotoxic T cells were grouped in a cluster with either regulatory or naive T cells.
This lack of cell type resolution using the features from the VST method also resulted in lower

median silhouettevidthsand ARIs amoss all three datasgfBable 2).
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Figure 3. Concordancdetween cell clusters generated using either theccarrenceor VST
-derived features and known cell types in FA@ted PBMC datasets. Numbers represet
percentage of cells from a cell type assigned to the respective cell cluster. Cell clust
generated using variable and-@ccurrence features selected using the PBMC 3k dataset

Despite the improved clustering performance witkocourrence in terms of cell cluster
separation and clustering accuracy, there were some small discordances between the co
occurrencederived cell clusters and the known cell types. For example, between 2.4% and 5.8%
of CD14 monocytes were clustered separately from the majority of CD14 monocxass all
three datasetd-igure 3). Differential expression analysis revealed that these small subsets CD14

monocytes exhibited several unique gene expression signatures including genes such as
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Table 2. Performance comparison of cell clustering using theamrrence vs. VST derived features in the FACS PBMC
datasets measured by silhoutte width and.ARI

Silhouette Width ARI
Dataset cooccur VST cooccur VST
Zhengmix4eq 0.728+0.21 0.643+0.3 0.96 0.691
Zhengmix4uneq 0.669+0.27 0.537+0.41 0.962 0.833
Zhengmix8eq 0.453+0.45 0.337+0.5 0.653 0.522

DNASE1L3(data not shownDNASE1L3 previously was reported being secreted from several
different cell types derived from monocytes (Zllherefore, this subset of CD14 monocytes appear

to have aunique gene expression signature that has been previously reported in this cell type.
Furthermore, in the Zhengmix8eq datasetocourrence derived clusters number O and 1 both
contained a heterogeneous mix of different T cell subtypes. A similar T ettdgeneous

grouping was also observed in the VST clustering of this dataset.

We reasoned that T cell subtypes were clustered together either becausedbgrence
feature selection method did not select features that differentiate these cell types expression
differences between T cell subtypes were not captured at the-seiglevel. To explore the
degrees of transcriptional divergences between these CD4 T cell suybigpiest investigated
the expression levels of the FACS markers usedort T cell subtypes. All subtypes were
positively sorted with the detection of CD4. Naive and memory T cells were segregated by PTPRC
(CD45) expression (naive: CD45RA+ & memory D45R0O+). Regulatory T cells were sorted based
on IL2RA (CD25) expression,na helper T cells were the remaining CD4+ T cells (8).
Interestingly each FACS marker was detected at extremely low levels in the gene expression data
(data not shown Additionally, the number of differentially expressed genes betireedifferent
cell types within either cluster were extremely small, ranging from O to 16 (adj. p value < 0.05 &

| log2FC | > 1). Overall, these results indicate that the gene expression differences between the
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different CD4 T cell subtypes were not robustly detected atitiggescell level in these datasets
Therefore the comccurrence derived features were not able to cluster these cells into separate
clusters. Overall, the eoccurrence derived features also performed better across the three datasets

in terms of silhouettavidth and ARI(Table 2).
Co-occurrence feature selection outperforms VST in simulatedcRNAseqdata

As the number of sSRNAseq datasets with ground truth cell type labels (i.espreed) is limited,

we used simulated d€NAseq datasets to further validate the-ocourrencebased feature
selection method. Count data were simulated using generalized linear mixed motiiseintpd

by Splatter (v1.6.1) (22). Gene expression matrices were simulated over a range of differential
expression probabilities and number of cell types in order to consider the performance of the two
feature selection methodd different levels of trastriptional heterogeneity. Simulations were

replicated to ensure the improved outcomes ed@murrence over VST feature selection.

Similarly to what was described previouslye used UMAP to visualize the simulated data
and determine the quality and segiam of simulated cell typg&igure 4a). Additionally, we also
evaluated separation and clustering performance -aiccarrence and VST feature selection by
computing the ARI and silhouette width against their known, simulated cell type (&oglse
4b). Across the range of differential expression probabilities and number of cell types used, the
co-occurrencebased feature selection method showed clear visual and quantitative improvements
over the standard VST feature selection method. Collectivelylfsdsom these simulation studies
also show that the enccurrencebased method was more effective at detecting the cell type signal

compared to existing highariance methods in terms of clustering and separation outcomes.
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DISCUSSION
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Figure 4. Dimension reductiorand cell clusteringusing co-occurrencederived features improves cell clusterim
simulated seRNAseq data. AUMAP reductions of a simulated gene expression matrix with a de.prob equal to
four cell groups. Reductions were generated using theccorrence (caccur) (left) or VST (right) derived featur
Cells are colored based on their grodndh, sinulated cell typeB) Average difference in silhouttgidth between ce
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occurrenceand VSTFderived feature cell reductions and clusterings

Accurate identificabn of cell types is the cornerstone of almost amRBIAseq analysis. The
ability to cluster cells correctly hinges on the ability to detect a subset of genes representative of
the different cell types in the data. Here we have demonstrated the lingtafistandard high

variancefeature selection methods and outlined a new feature selection method that is based on
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co-occurrence correlations between genes and is more effective in cell embedding and clustering

of scRNAseq data.

Using real seRNAseq datasets we found that higgmiance feature selection methods
might capture many genes with variances inflated by the presence of outlier UMI counts.
Obviously, analyses of more datasets are needed to determine the prevalence afriwettier
HVGs. However, we have clearly demonstditteese higtvariance feature selection methods are
not robust to these genes with outlier UMI counts. Conversely, feature selection based on the
binary expression pattern of genes is not sensitive to this kind of expression level stochasticity.
Despite ouimproved performance in PBMC and simulated datasets, a potential limitation of our
co-occurrence based feature selection method is the increased run time of the algorithm. If we were
to measure the correlation between all genes, our runtime scales eabneith the number of
genes in the dataset, while higariance feature selection only scales linearly. Presently, we are

able to reduce run time by selecting seed genes andiraytig correlation measurements,

where n is the number of genes.

Our results have focused on the application of the@mrrencebased feature selection to
cell clustering. We did not address other types eRE&Aseq analyses such as pseudotemporal
ordering and spatial analysis. However, many of the statistical meteedd¢ado such analyses
also rely on feature selection, and several of which presently usevdmigimce feature selection
(3, 4). Therefore, the role of amcurrencebased feature selection is not necessarily limited to cell
clustering in seRNAseq analgis, as others have shown-eacc cur r enceds util ity
disease genes in -8NAseq data (23). Not only could -@zcurrence be applied for feature
selection in analyses of cellular heterogeneity, but also be a useful measure in regardtelsingle

gene ceexpression networks. Due to the incomplete transcriptomic sampling intrinsic to sc
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RNAseq data, new computational methods are required to construcstaigegene regulatory
networks (2426). Binary correlation analysis with-@ecurrence couldossibly serve to construct

gene ceexpression networks in the absence of robust sequencing depths.

METHODS

Datasets

In this study we used four human peripheral blood mononuclear cell (PBMC) sarifidAseq
datasets, all of which were based on unique molecular identifier (UMI) counts generated using the
10x Genomics platform. The first dataset is publicly available tr@y10x Genomics website and

is composed of 2,700 unfiltered PBMCs from health donors (PBMC 3k). The remaining PBMC
datasets were sequenced by (8) and curated by (27). Duo et al (27) dividegh&dfie8 PBMCs

from 10x into three datasets of either eigélt types in equal amount&hengmix8ed or four in

equal hengmix4e@ or unequal@hengmix4uned amounts.

We also used simulated-BNAseq data to benchmark the performance of owocourrence
algorithm. Specifically, we generated simulated desiag the Bioconductor package Splatter (v
1.6.1) (22). A seRNAseq dataset composed of brain cells taken from a developing mouse embryo
forebrain (E 17.5) was used as input to estimate the simulation parameters. Only the differential
expression probabilf, number of cell types, and simulation seed parameters were manually

adjusted.

Simulating single-cell RNA-sequencing data

Si mul ated data wer e (e APeissanthierdrchicat moadal (22 Brieflyt t er 6
gene expression means are first samdgrom a gamma distribution. Then cell UMI counts are

sampled from a Poisson distribution withequal to the mean previously estimated. To account
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for other characteristics of *NAseq data, such as higibundant genes, dropout and zero
inflation a seles of other parametric distributions are also utilized. Splatter estimates the
parameters for these distributions using reaRBiAseq data. To this end, we used a real sc
RNAseq dataset to simulate a series of count matrices with varying numbers ofpesll
(n.groups) and probabilities of genes being differentially expressed (de.prob) to model varying
levels of transcriptional heterogeneiffhese simulated matrices consisted of 3,000 cells and

15,000 genes.

To avoid redundancy of simulated and PBMCadats, parameters of thienulationmodels were
estimated using a $€NAseq dataset composed of cells taken from a developing mouse embryo
forebrain (E 17.5), rather than any of the other PBMC datasets used in this study. The cells of the
dataset had an exage of 6763 UMIs per cell and 2332 unique genes per cell. This dataset was
built using 10x Genomics v3 chemistry (10x Genomics, Pleasanton, CA) and sequenced on an
lllumina NextSeq 500 (lllumina, San Diego, CA). Each simulation combination of n.growps an

de.prob was replicated five times.
Performance comparison of feature selection methods

To evaluate the performance of higariance and coccurrence feature selection methods in cell
clustering and embedding we utilized two commonly used metrics, silhouette width and adjusted
Rand Index (ARI). Silhouette width measures how similar a ctdlits owngrouping (e.g. cluster

or type)compared to othegroupings while ARI evaluates the concordance betweendisorete

groupings Both metrics have been used to evaluate clustering performanc&kMAseq data

previously (27,28). Toevaluatee f eat uresod6 performance i n term

cells with their type and defined the silhouette widtbf cell j as
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G O (1)

whered is the average distance between cell j and all cells ajrtepingit belongs to, and is

the average distance bet greuping incteetlirhensjonalaspade c e | | ¢
Values ofi near one represent the best clustering separdtRl is adjusted for chance, such that
independent clusterings have an expected index of zero and ideatittibnshave an ARI equal

to one. ARIwas calculated using the R package clues (v 0.6.2.2) (29).
High-variance feature selection

Since the R pekage Seurat (17) is one of the widely used workflows fdRNé&seq data analysis,

in this study we investigated both standardized and residual variances, two alternative methods
provided by Seurat, as representatives of typical -iWaglance feature seliéan methods.
Standardized variances were calculated using the Seurat function FindVariableFeatures
(selection.method = "vst"). Briefly, with the unnormalized UMI counts, a line is fit between the
logl0(variance) and log10(mean) using local polynomialesgion (loess) across all genes. The

fitted line is used to calculate an expected variance for each gene. Then UMI counts are scaled by
the observed mean and expected variance. For each gene, the standardized variance is calculated
using these scaledalues. Residual variances were calculated using the Seurat function
SCTransform, based on the Pearson residual of the regularized negative binomial regression used

during SCTransform normalization (20).

To understand the influence of outlier UMI counts siandardized variance, for each
selected gene we converted the maximum UMI count to its median nonzero UMI count separately

to avoid significantly altering the loess regression model and estimated gene variances. The
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FindVariableFeatures command was rod gene variance was calculated using this modified UMI
count matrix. If a gene had more than one UMI count equal to the max UMI count, we only changed

one UMI count.

Co-occurrence feature selection

The only data preprocessing needed in this algorithnMEddunt matrix binarization, where all
the technical and biological zeros are still zero, and all thezeom counts are changed to one
regardless of the expression level. No additional normalization, transformation, or imputation is

necessary.

Determining seed genes in gene expression datince cell types are typically defined by
expression of a few canonical marker genes, the first step of tbecoorence algorithm is to
determine a smathumberof "seed genes" that have expression patterns unagaebtological

subset of cells. The goal of this step is to find a candidate set of genes that is representative of the
different cell types or cell states in the population. To reduce run time, the seed gene selection
process starts by filtering genes g@at in an extremely low or high number of cells (<15% &
>85% by default). This step is based on several empirical considerations. Due to the sparse nature
of scRNAseq data typically a large (>50%) percentage of genes in a dataset are lowly expressed
andare only detected in a small number of cells, therefioey are less likely to be cell type
specific compared to more abundant genes. Albeit some of these genes may be specific to a certain
smallpopulationof cells evaluating all of these as potentiaéd genes would be computationally
inefficient. It is possible that a cell population may represent less than 15% of the total cells, but
genes specific to this population may still be detected later if they are negatively correlated with a

seed gene spdi to a different cell population. Highly abundant genes (>85%) are unlikely to be
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cell type specific and more likely to be ubiquitously expressed across all populations, and therefore

would not aid in resolving different populations of cells based oresgjn patterns.

A Jaccard distance (1 Jaccard coefficient) matrix is then calculated between the
remaining genes. The two most distant genes are selected as the first two seed genes. The two most
distant genes are likely to be nearly mutually exclusive in terms ofd@kpression patterns and
are therefore likely specific to two distinct cell populations. The next gene to be selected has the
farthest average distance to the alreptBsent seed genes. This process is repeated unti a pre
defined number of seed genes setected. By default, we selected five seed genes every time the
co-occurrence algorithm ran. In practice, it may be most appropriate to start with the number of

cell types expected in the data as the number of seed genes selected.

Defining significant correlations between genedf gene expression in a cell is represented as 1s
(presence) and Os (absence) then the relationship between two genes within a cell falls into four
categories: cmccurrence (a) , mutual exclusion (b & c), andatsence (d). Theespective
frequency of the four categories across the cells in a sample defines the correlation between the

two genes. Subsequently, correlations between genes can be both negative and positive. We define

the measure of correlation between two genegtolt he Jaccardés | ndex of
b e (1)
0 W W

The hypergeometric distribution can be used as
where the parameters of the model come directly from the frequency of the four categories that

define the gengene relationship (2) (30).
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Determining the probability of exactly x observedamxurrences between gene 1 and gene 2 can
berepresented as a random sampling eutiieplacement problem as follows: m is the frequency

of cells which express gene 1, x is the frequency of cells that express both genes, n is the frequency
of cells that do not express gene 1, and K is the frequdrmlle that express gene 2. Thus, P(X

= X) represents the probability that selecting k cells that express gene 2 results in exactly x cells
that also express gene 1, when there are m+n cells in the population, m of whiok are
occurrenceskFor all gene girs, exact probabilities of eaccurrence at a frequency greater than or

less than what is observed are calculated as (3) &dd@pectively.

Informative feature selection By using seed genes, the complete set of genes expressed in the
population can now be vetted for informative features. Informative features are those with an
expression pattern specific to a biological subset of cells, ratheb#wagrandomly distributed.
Correlations between seed genes and the full gene list amsumed using the probabilities
described above. Any gene that forms either a significant negative or positive correlation (adj. p
value < 0.05) with a seed gene is considered an informative feature. A Bonferroni multiple testing
correction is applied to crelation pvalues, in which gralues are multiplied by the number of

seeds multiplied by the number of remaining genes.

a7



Analysis and graphic display of 10x Genomics sRNAseq data

To perform downstream dimension reduction and cell clustering we algeditihe R package
Seurat (v3.1.5) (17). Comparisons between Jvghance and coccurrence feature selection
methods did not differ in terms of any dimension reduction or cell clustering parameters. The same
normalized gene expression levels ofamzurence and VST or SCTransform selected features

were used as inputs to these algorithms.

Generation of cel | embeddings (reductions)
RunPCA, RunUMAP, FindNeighbors, and FindClusters functions with default parameters.
Identification of cell clusters and UMAP coordinates was performed using the first 10 principal
components (PCs), unless specified otherwise. Often supervised or statistical approaches are
employed to guide the selection of principal components for lkeeslering and UMAP. However,
we selected 10 principal components uniformly to measure cell clustering differences solely due
to feature selection, and to avoid variation due to other parts of the cell clustering workflow (e.g.,
number of PCs). Differentiaxpression analysis was performed using Wilcoxon Rank Sum test
within the FindMarkers function from Seurat with min.pct and logfc.threshold parameters both set

to the default value of 0.1.
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CHAPTER 4: SINGLE -CELL 8 BASED HIGH-THROUGHPUT Ig AND TCR
REPETOIRE SEQUENCING ANALYSIS in RHESUS MACAQUES
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Single-Cell-Based High-Throughput Ig and TCR Repertoire
Sequencing Analysis in Rhesus Macaques
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Recent advancements in microfluidics and high-throughput sequencing technologies have enabled recovery of paired H and L
chains of Igs and VDJ and VJ chains of TCRs from thousands of single cells simultaneously in humans and mice. Despite rhesus
macaques being one of the most well-studied model organisms for the human adaptive immune response, high-throughput single-
cell immune repertoire sequencing assays are not yet available due to the complexity of these polyclonal receptors. We used
custom primers that capture all known rhesus macaque Ig and TCR isotypes and chains that are fully compatible with a
commercial solution for single-cell immune repertoire profiling. Using these rhesus-specific assays, we sequenced Ig and TCR
repertoires in >60,000 cells from cryopreserved rhesus PBMCs, splenocytes, and FACS-sorted B and T cells. We were able to
recover every Ig isotype and TCR chain, measure clonal expansion in proliferating T cells, and pair Ig and TCR repertoires with
gene expression profiles of the same single cells. Our results establish the ability to perform high-throughput immune repertoire

analysis in rhesus macaques at the single-cell level.

mmunoglobulin and TCR repertoire analysis plays a key role in
understanding the development of host immunity. These recep-
tor molecules are responsible for recognizing a myriad of for-
eign Ags from infectious agents. The ability of T and B lymphocytes
to give rise to such a diversity of receptor molecules with affinity to
these potential Ags is, in part, because of their generation and struc-
ture. Igs are tetrameric proteins typically composed of two identical
L chains (IgL or IgK) and two identical H chains (IgH) (1). TCRs
are heterodimeric proteins composed of paired B (TCRB) and a
(TCRa) or vy (TCRy) and & (TCRS3) chains, respectively (2). The
IgH chain, as well as TRB and TRD chains, consist of V, D, J, and
C region gene segments. Ig L chains, as well as TRA and TRG
chains, do not possess D gene segments. Germline V(D)J gene seg-
ments exist at large loci within the genome and are somatically rear-
ranged to produce functional and diversified mRNA transcripts and
proteins. It is estimated that, within a single individual, the number
of possible TCR and Ig V region domains is on the order of 10"
and 10", respectfully (3).
Increasingly, high-throughput single-cell-based sequencing tech-
niques are being used to profile Ig and TCR repertoires. Single-cell

The Journal of Immunology, 2022, 208: 762-771.

immune repertoire sequencing (scIRS) is a promising new sequenc-
ing approach that allows for paired V(D)J repertoire analysis of
thousands of cells simultaneously. For example, it has been used to
identify multiple neutralizing Abs against SARS-Cov-2 infection in
humans (4, 5). However, scIRS assays are species specific, and the
development of scIRS assays relies on the complete Ig and TCR ref-
erence sequences for the species of interest. Ig and TCR loci are
characterized by high levels of repetitive sequences and allelic varia-
tion, making targeted sequencing and assembly difficult technical
challenges (6). To our knowledge, current commercial scIRS assays
are available only for human and mouse.

Due to the close phylogenetic relationship and highly similar
physiology to humans, rhesus macaques (Macaca mulatta) have
been one of the most popular and well-studied nonhuman primates
for modeling immune responses in humans (7, 8). For example, rhe-
sus macaques have been used to model the adaptive immune
response and progression of infectious diseases from such agents as
varicella zoster (9), HIV (10-12), and SARS-Cov-2 (13), as well as
many other immune-related studies and diseases, such as allograft
rejection (14) and graft-versus-host disease (15). Recently, using
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long-read transcriptome sequencing, we generated the first complete
reference set of C regions of all known isotypes and chain types of
rhesus Ig and TCR repertoires (16). We also designed in silico rhe-
sus-specific scIRS assays that remove the need for primers conven-
tionally targeting V regions.

In this study, we sought to experimentally validate and optimize
rhesus-specific scIRS assays that are fully compatible with commer-
cial solutions for single-cell immune repertoire profiling. Based on
the complete rhesus macaque C region reference set of Ig and TCR
isotypes and chains (16), we designed and validated primers that tar-
get these C regions in mRNA transcripts. We further adopted these
rhesus-specific primers into the human single-cell immune profiling
workflow provided by 10x Genomics. These rhesus-specific scIRS
assays were validated using cryopreserved PBMCs and splenocytes,
as well as FACS-sorted B and T cells from various rhesus animals.
We were able to recover every known Ig and TCR isotype and pair
Ig/TCR repertoire analysis with transcriptome profiles from the
same single cells. We also observed clonal expansion in proliferat-
ing (P) versus nonproliferating (NP) rhesus T cells. These results
establish the ability to perform high-throughput scIRS analysis in
rhesus macaques with comparable performances to commercially
available platforms.

Materials and Methods
Allogeneic MLR and FACS gating strategies

PBMCs were obtained from peripheral blood of rhesus macaques using CPT
tubes with sodium citrate (BD Biosciences, San Jose, CA). Cells from
spleens of rhesus macaques were obtained via manual maceration of the
spleen and lysis of RBCs using high-yield lysing solution (Life Technolo-
gies, Carlsbad, CA). Cells were cryopreserved in 10% dimethyl sulfoxide
(Sigma-Aldrich, Raleigh, NC) and 90% FBS (Corning, Corning, NY) using
temperature-controlled freezing containers. To prepare the MLRs, we
obtained cryopreserved cells, thawed them, and counted them. CD14"
monocytes were isolated from splenocytes using magnetically labeled Abs
(Miltenyi, Auburn, CA). These cells were cultured in R10 Media (consisting
of RPMI 1640 supplemented with penicillin-streptomycin at 100 U/ml, r-
glutamine at 2 mM [all Life Technologies, Gaithersburg, MD] and 10%
FCS) with IL-4 (Miltenyi Biotech, Auburn, CA) and GM-CSF (Miltenyi
Biotech) for 7 total days, with the addition of TNF-a (Novus Biologicals,
Centennial, CO) on the sixth day to induce activated dendritic cells (DCs).
PBMCs were thawed and labeled using Violet Proliferation Dye-450 (BD
Biosciences, San Jose, CA) and combined with DCs at a 1:4 ratio. These
cells were cocultured in R10 for 5 d. At this time, the culture was stained
with CD3-allophycocyanin-Cy7 (557757; BD Biosciences, San Jose, CA)
and sent for cell sorting on a BD DIVA (BD Biosciences, San Jose, CA).
Our gating strategy is shown in Supplemental Fig. 1.

Rhesus samples, single-cell processing, and cDNA generation

Multiple sample types from Indian-origin rhesus macaques were used to
optimize and validate rhesus-specific scIRS assays: cryopreserved PBMCs
and splenocytes, FACS-sorted stimulated B cells, and FACS-sorted stimu-
lated NP and P T cells. Cells were washed in resuspension buffer (RPMI,
10% FBS), collected by centrifugation at 700 X g, and resuspended at an
appropriate concentration, between 700 and 1200 cells/pl. All cells were
counted by hemocytometer and assayed for viability using a Countess Il
automated cell counter (Thermo Fisher Scientific, Waltham, MA). From
each sample, a maximum volume containing 17,000 cells, having ~90% of
viable cells, were loaded onto the 10X Chromium (10x Genomics, Pleasan-
ton, CA) controller for a targeted cell recovery of 10,000 cells (Chromium
Next GEM Single Cell V(D)J Reagents Kits v1.1_RevE: 10x Genomics).
Two replicates of the same PBMC sample were established (PMBC1 and
PMBC(?2), whereas only one sample was prepared for each of the remaining
cell types. cDNA amplification was carried out at 13 cycles of amplification
for all samples and assayed for quality and concentration using a Bioanalyzer
2100 and High Sensitivity DNA Kit (Agilent, Santa Clara, CA).

Rhesus V(D)J and 5' gene expression library construction and
sequencing

Construction of V(D)J libraries required the implementation of rhesus-spe-
cific primers (16) for two subsequent enrichments of Ig and TCR

763

transcripts as is typical for the 10x V(D)J workflow (Supplemental
Table I). Quantitative PCR results of various primer pools, which varied
primer concentrations to enrich for lower abundant transcripts, showed
no impact on final sequencing data. Therefore, an equimolar ratio of
gene-specific primers was used to construct each pool, whereby Ig
assays used a final concentration of 0.5 uM of each gene-specific primer
paired with 1 uM 10x forward primer, and TCR assays used a final
concentration of 1 pM of each gene-specific primer paired with 2 uM
of the 10x forward primer. Due to initial sequencing results, later Ig
and TCR primer pools were split into VDJ and VI pools to improve
transcript capture and chain pairing efficiency. Primer pools were con-
structed in volumes of 10 pl, requiring the nuclease-free water volume
added to the cDNA at the beginning of target enrichment to be reduced
to 28 pl from 33 pl. Other than the needed changes to accommodate
novel primers to the 10x VDI workflow, VDJ and 5" GEX libraries
were prepared according to the manufacturer’s instructions (Chromium
Next GEM Single Cell VDJ Reagents Kits v1.1; 10x Genomics).

Final V(D)J and 5" GEX libraries were run on a Bioanalyzer 2100 with a
High Sensitivity DNA kit (Agilent) to assess library size and concentration.
Further analysis of library concentration was performed using a Qubit 3 fluo-
rometer (Thermo Fisher Scientific) coupled with the sizing data from the
Bioanalyzer to determine appropriate loading concentration for each library.
Sequencing was performed using a NextSeq 500 sequencer (Illumina, San
Diego, CA) using 150 cycle kits in a paired-end fashion. Runs were pro-
grammed to generate a 26-bp read 1 sequence consisting of the 16-bp 10x
barcode and 10-bp 10X unique molecular identifier (UMI), an 8-bp index
read, and a 133-bp read 2 sequence of the cDNA insert to exhaust the num-
ber of cycles available in the kit. Sequencing depth was targeted at a mini-
mum of 5000 reads per cell for V(D)J libraries and 20,000 reads per cell for
5" GEX libraries as recommended by the 10x workflow (Chromium Next
GEM Single Cell VDJ Reagents Kits vI.1; 10x Genomics).

Single-cell V(D)J sequencing data analysis

Raw sequencing data were demultiplexed and converted to fastq files also
using the Cellranger (v4.0.0) command mkfastq. Next, raw reads were de
novo assembled into contigs using the Cellranger vdj command. A de novo,
rather than reference-based, contig assembly was performed because of
incomplete annotation of the rhesus germline V(D)J sequences. To annotate
the C regions of the assembled V(D)J transcripts, we searched assembled
contigs against inner-enrichment primers and a reference of C region amplifi-
cation sequences using the ublast (e value = le—4) and usearch_global
(sequence ID threshold = 0.9) commands, respectively, from the USEARCH
(v10.0.240) (17) suite of sequence analysis tools. Subsequently, to annotate
the V regions of the assembled V(D)J transcripts, we aligned the assembled
contigs to a custom IgBLAST (v1.8.0) (18) database of human and rhesus
germline V(D)J sequences (available at https:/github.com/ncsu-penglab/
RhesusIgTCR). An e value cutoff of 0.01 and default parameters were used
in IgBLAST queries. After annotation, we systematically filtered assembled
contigs from our analysis as follows: contigs representing misassembled chi-
meras (e.g., IgL primer alignment and IgM C region alignment) or off-target
transcripts (e.g., C region primer match at the 3’ end but without a corre-
sponding C region alignment) were removed. Further, assembled contigs
without a productive and complete V(D)J sequence or that had a premature
stop codon were removed. Only contigs that passed all of these quality-con-
trol (QC) criteria were considered in downstream analyses, including the
assessment of pairing efficiency.

We assessed read coverage of filtered contigs using the all_contig.bam
file outputted by cellranger vdj, where sequencing reads were aligned to con-
tigs after assembly. Reads were only aligned to contigs of their respective
cell barcode. For each dataset, the samtools depth command was run on the
bam file to generate the read coverage per contig base position. To facilitate
the comparison of read coverages across the contigs of different lengths, we
normalized the read coverages as follows: for each assembled contig, we first
labeled each base position as part of the 5" untranslated region, V region, or
C region, based on the start positions of the V gene segments and the end
positions of the J gene segments from IgBLAST results. Base positions
within each labeled region were placed into 100 bins of equal length, and
the mean relative coverage per bin was calculated.

VDI versus VJ chain pairing efficiency was assessed using B and T cells
defined by the 5" GEX data collected from the same cell samples described
later. After removing low-quality cells and identifying the B and T cell clus-
ters, the remaining cell barcodes were used as a ground truth to assess chain
pairing efficiency in V(D)J sequence data because the same cell barcodes
were already independently validated as a productive B or T lymphocyte
based on the filtered V(D)J transcript contigs. The V(D)J sequences of each
cell were integrated into a Seurat object as metadata for gene expression and
clonotype analysis.
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Expanded clones were defined by more than one cell sharing the same V
germline gene segments and with at least 85% identical CDR3 nucleotides
sequences, for both VDJ and VJ contigs. Cells that had unpaired contigs
were not considered in the clonotyping analysis. CDR3 sequence clustering
was performed using the CD-HIT (v4.6.6) (19) sequence analysis tool.

Single-cell 5' gene expression profile analysis

Raw sequencing data were demultiplexed, aligned to the RheMac10 genome
annotation, and UMI-collapsed using the 10X Genomics cellranger (v4.0.0)
commands mkfastq and count, respectively. Raw gene expression matrices
were normalized and scaled using the SCTransform (20) method with the
Seurat R package (v3.1.5). QC was performed on each dataset to remove
poor-quality cells. For each sample, cells that had >5% of their UMIs map
to mitochondrial genes were removed from the analysis.

Principal-component analysis was performed using the normalized and
scaled expression levels of the 3000 most variable genes in each dataset.
Based on Seurat’s recommendations, the first 30 principal components were
used as input to uniform manifold approximation and projection (UMAP)
dimension reduction and K-nearest neighbor cell clustering. Canonical
marker gene expression and differential expression testing were used to
determine the cell types present in the tissue culture samples. Differential
expression analysis was performed using a Wilcoxon rank sum test within
the FindMarkers Seurat function.

The potential for CD3" B cells to be technical B+T cell doublets was
assessed by simulating B+T cell doublets by combining UMI counts from
randomly selected pairs of B and T cells. The counts for gene j in doublet i
with parent cells a and b was defined as y;; = x,; + x,;. The new simulated
doublets were added to the unnormalized gene expression matrix, whereas
the original pair of singlets was removed. Next, the standard Seurat analysis
workflow was performed as described earlier. Once cells were embedded
with individual UMAP coordinates, the Euclidian distance between CD3" B
cells and simulated doublets was measured. This analysis was performed
using between 10 and 100 simulated doublets by an increase of 10 cells. The

SINGLE-CELL SEQUENCING OF RHESUS Ig AND TCR REPERTOIRE

simulation and distance calculations were repeated 10 times for each number
of simulated doublets. Wilcoxon rank sum tests were performed to test for a
difference in distance between CD3" B cells to each other and to simulated
B+T cell doublets.

Results

High-throughput single-cell Ig and TCR sequencing in rhesus
macaque

As shown in Fig. 1, we adopted rhesus-specific V(D)J primers into
the human single-cell immune profiling assays commercially avail-
able from 10x Genomics and sequenced in total >80,000 single-
cell barcodes from cryopreserved rhesus PBMCs, splenocytes,
FACS-sorted memory B cells (CD20"CD27"), and stimulated T
cells (CD3"; sorted into P and NP fractions by dye dilution).
De novo assembly of raw sequencing reads resulted in
>150,000 unfiltered, unannotated rhesus V(D)J transcript
contigs. We devised a custom computational pipeline for con-
tig isotype and germline annotation, as well as QC filtering
standards (see Materials and Methods). Assembled VDJ and
VIJ transcript sequences were searched against a custom
IgBLAST database of rhesus and human germline segments
and selected for sequences encoding complete, productive
variable domains. Filtering using these criteria yielded the
final set of 63,623 (78.8%) cell barcodes with a total of
97,932 (61.8%) V(D)J sequences from six rhesus samples
(two PBMCs, splenocytes, sorted memory B cells, and P and
NP T cells) (Supplemental Table I).
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Overview of assay development. (A) Droplet-based single-cell RNA sequencing was used to generate the initial barcoded cDNA libraries. To

maximize the rate at which cells with paired VDJ and VI contigs were recovered, we generated sequencing libraries using pooled and separate primers for
VDI and VI chain types. After sequencing and data analysis, the chain pairing rate was assessed and compared between the two configurations using filtered
B and T cell barcodes recovered from 5’ gene expression analysis. (B) Targeted enrichment performed on each cDNA sample. The PBMCI sample is labeled
with an asterisk (*) to indicate that a gene expression library was not constructed for this dataset, so a comparison between split and pooled library preps was
not performed. (C) Bar charts indicate the percentage of cell barcodes with either no V(D)J contigs that pass QC filtering, an unpaired contig(s) that does
pass, or paired contigs that do pass. In each sample, the fraction of paired contigs that pass QC increases when VDJ and VJ primers are split in separate

library preps.
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We observed normally distributed read coverages across the
S’ untranslated regions and V regions of the V(D)J contigs
(Supplemental Fig. 2A). C region reads were uniformly distributed
and did not contain bias as a result of the 10X capture method. We
reason that our lack of bias is the product of an increased read 2
length (133 bp) being of similar length to the 5" portion of C regions
(78-108 bp) captured by our assay (Supplemental Fig. 2B). There-
fore, those sequencing reads corresponding to the unfragmented
c¢DNA molecules would cover the entire amplified C region. The
average numbers of reads supporting the final filtered contigs in Ig
enrichment libraries were between 117 and 2434, and the numbers
of UMIs were between 1 and 9. The median numbers of reads and
UMISs supporting the final filtered contigs in TCR enrichment librar-
ies were comparable, ranging from 763 to 2282 for reads and from
1 to 4 for UMIs (Supplemental Table I).

To improve the recovery of paired VDJ and VI sequences from
the same cells (e.g., TRB and TRA or IgH and IgL chains), we
devised a sequencing library construction strategy in which VDJ
and VI transcripts were enriched in both separate and pooled
sequencing libraries (Fig. 1A, 1B). Pairing efficiency, defined as the
percentage of cells with at least one final filtered VDJ and one final
filtered VJ sequence, may be affected by differences in VDJ and VI
chain transcript abundances, as well as individual primer amplifica-
tion efficiencies. To facilitate the comparisons of pairing efficiency
between VDJ and VI split and pooled libraries, we additionally
sequenced and generated gene expression profiles of the same single
cells from five rhesus samples. B and T cell barcodes that passed
gene expression QC filtering served as an independent “‘ground-
truth” of viable B and T cells for assessing pairing efficiency. When
VDJ and VI primers were used for separate library preparation, an
increase in the fraction of cells with paired VDJ-VIJ repertoires was
observed across all five samples and both Ig and TCR enrichments
(Fig. 1C). Between 60 and 74% of filtered B cell barcodes from
gene expression libraries had paired H and L chains (Supplemental
Table I). We observed between 30 and 68% of T cell barcodes that
had paired VDJ and VIJ sequences (Supplemental Table I). Both Ig
and TCR pairing efficiency ranges were comparable with other
scIRS assays in the split library configurations (21, 22). We noted a
relatively lower pairing efficiency rate observed in T cells from the
one splenocyte sample. Overall, we recovered a total of 7539 B cells
and 9906 T cells with paired VDJ and VJ contigs, as well as a fil-
tered gene expression profile (Supplemental Table I).

BCR repertoire profiling in rhesus PBMC, splenocyte, and sorted B
cell samples

We analyzed Ig repertoires from two PBMC replicate samples (the
total number of B cells sequenced: n» = 3418 and n = 3035), one
splenocyte sample (n = 15,682), and one sorted B cell sample (n =
9746) (Supplemental Table I). The number of cell barcodes with at
least one filtered V(D)J sequence will be higher in the absence of
paired GEX data because of the inability to filter out doublets, non-
viable cells, or ambient transcripts assigned to cell barcodes. Over-
all, we detected every known Ig isotype (Fig. 2A) and were also
able to recover every known IgA allotype and IgG subclass identi-
fied in our previous full-length isoform sequencing analysis, observ-
ing preferential usage of IgA*01 and IgA*02, as well as IgGl,
respectively (16). No IgE contigs were detected in the PBMC2 and
splenocyte samples; however, IgE is known to be detected at the
lowest levels among any IgH isotype (22). Ig L chains (IgK and
IgL) were more frequently detected than IgH contigs across all four
samples. We also investigated the ratio of cells with IgA, IgE, and
IgG contigs to those with IgM and IgD. IgM and IgD isotypes are
known to be expressed in mature naive B cells, while IgA, IgE, and
IgG are expressed by activated (memory) B cells after undergoing

765

an IgH class-switch recombination process (3). Overall, this IgH
ratio ranged between 0.39 and 0.60 for our four Ig datasets, suggest-
ing that we might have captured about twice as many naive relative
to activated B cells, on average (Supplemental Fig. 2D). As
expected, the largest ratio of activated to naive B cells appeared in
the FACS B cell dataset, which were sorted using cell surface
markers of B cell memory (CD20 and CD27) (23).

The obtained Ig V(D)J contigs exhibited a high rate of complete
assembly of the C regions at the 3’ end, and 97.5-98.4% mapped to
an inner-enrichment primer or expected amplified C region sequence
(Fig. 2A). Ig V(D)J contigs that mapped to the inner-enrichment
primer or amplified C region sequences also exhibited higher
sequencing depth in terms of both reads and UMIs compared with
those that did not map in the same fashion (Supplemental Fig. 1C).
3" C regions of Ig V(D)J sequences mapped to the 3’ end of Ig V(D)
J contigs to ensure that contigs were correctly assembled (Fig. 2C).
The distribution of isotype contig lengths was also largely consistent
across the different datasets, providing confidence that our assembled
contigs represent true BCR mRNA molecules (Fig. 2B).

TCR repertoire profiling in rhesus PBMC, splenocyte, and sorted T
cell samples
Similarly, we analyzed TCR repertoires from two PBMC replicate
samples (the total number of T cells sequenced: n = 3988 and n =
3543), one splenocyte sample (n = 3162), and two samples derived
from a MLR experiment representing P (n = 12,964) and NP (n =
8085) FACS-sorted T cells (Supplemental Table I). Like our B cell
repertoire analysis, TCR V(D)J contigs were searched against the
inner-enrichment primers used to build TCR libraries in addition to
a reference of expected amplified C region sequences. Importantly,
in addition to the more commonly targeted TRA and TRB tran-
scripts, we also included primers capturing TRD and TRG tran-
scripts. Notably, primers that target TRD and TRG chains are not
currently available in the human and mouse single-cell immune pro-
filing assays from 10x Genomics, resulting in repertoire analyses
solely covering a3 T cells (24, 25). yd T cells have been reported
to make up only 4% of T cells, on average (26). As expected, we
detected TRD and TRG chains at a lower frequency than the pre-
dominantly expressed TRA and TRB chains (Fig. 3A). However,
we observed TRA" cells to be only as much as 1.59 times more
abundant than TRG™ cells, and TRB" cells were ~15.8 times more
abundant than TRD" cells in mixed cell datasets (i.e., PBMCs and
splenocytes), suggesting that leaving out TRG and TRD sequences
could potentially miss relevant biological insights. Interestingly,
overall TCR VDI contigs were 1.38X more abundant than VI con-
tigs in a3 T cells, but 4.52 less abundant in y8 T cells (Fig. 3A).
Similar to our Ig repertoire analysis, we also observed a high rate
of complete C region assembly in our TCR enrichment datasets with
97.8-98.5% of TCR V(D)J contigs mapping to an inner-enrichment
primer or amplified C region sequence (Fig. 3A). As was observed
with Ig V(D)J contigs, TCR V(D)J contigs that mapped to the inner-
enrichment primer sequences or C region sequences also exhibited
higher sequencing depth in terms of reads and UMIs than those that
did map accordingly (Supplemental Fig. 2C). Correct C region
assembly was confirmed by observing C region amplification sequen-
ces and inner-enrichment primers mapped directly to the 3" end of
the TCR V(D)J contigs (Fig. 3C). The distributions of TCR V(D)J
contig lengths were also largely consistent across different samples,
supporting that our assembled TCR contigs represented the full-length
TCR V(D)J transcripts (Fig. 3B).

Clonal expansion in P T cells

To assess the potential of our rhesus scIRS assays to detect clonally
expanded lineages, we compared the clonal expansion rates in our P
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FIGURE 2. Characterization of isotypes Ig enrichment libraries. (A) Recovery of 3’ of enriched V(D)J transcripts. Tiled plots indicate the number of con-
tigs with respective primer and C region alignments. (B) Distribution of contig length by Ig isotype across the Ig enrichment datasets. IGHE was omitted
because of the low number of contigs detected. A different IgM inner-enrichment primer was used for the PBMCI library construction, which was 59 bp 5'
of the primer used for all other datasets. This is consistent with the differences in the length distributions. (C) Distribution of the distances between C region

and primer alignments and 3’ end of contigs.

and NP T cell datasets. These cells were isolated from an
MLR, in which responding PBMCs were labeled with a prolif-
eration dye and incubated with MHC mismatched activated
DCs for 5 days using a previously described protocol
(Supplemental Fig. 1) (27). We then sorted these cells based
on CD3 positivity and whether they had undergone prolifera-
tion as indicated by a loss of proliferation dye. P cells were
enriched for those cells responding to alloantigens from the
MHC mismatched DCs. We defined T cell lineages by group-
ing cells with identical VDJ and VJ germline variable gene
segments and required at least 85% nucleotide identity in both
CDR3 regions, although the number of clones did not change
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significantly when this sequence
increased (Fig. 4A).

As expected, we observed a substantial clonal expansion in the P
T cell dataset with 42.5% of cells belonging to clonally expanded
lineages, compared with <2% in the NP T cell dataset (Fig. 4A-C).
Despite the high clonal expansion rate in P T cells, we did not
observe any lineages that dominated the clonally expanded cells.
Out of the 2166 cells of expanded lineages in the P T cell dataset,
530 (24.5%) belonged to a lineage of size two. The largest lineage
size consisted of only 24 cells. Hierarchical clustering of TCR VD]
and VIJ variable germline gene segments in clonally expanded P T
cells did not reveal any modules of highly overlapping VJ and VDJ
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combinations. MLRs typically result in a generalized activation of
some T cells predisposed for proliferation. There are a multitude of
potential Ags that can activate T cells, there is a propensity of stim-
ulatory cytokines to induce bystander proliferation in previously
primed cells (e.g., those with a memory phenotype), and heterolo-
gous cross-reactive stimulation can be expected (28). Nevertheless,
the products of an MLR are substantially enriched for allospecific
cells.

Interestingly, among P T cells, the most frequent VJ germ-
line gene segment detected in expanded lineages was TRGV 10
(Supplemental Fig. 3A). This observation correlated with the
codetection of TRG molecules in many T cells with TRB mol-
ecules (Fig. 4D). In addition, TRGV10 showed the largest
increase in usage between expanded P T cells and NP T cells

among any VJ or VDJ germline segment (Supplemental Fig.
3B). This observation was intriguing, given the high correla-
tion of germline usage rate between expanded P and NP T
cells (Supplemental Fig. 3C). In some of the clonotypes, no
additional TRB contig was detected, but the frequency of aff T
cells that also expressed a TRG chain showed the largest
increase from NP to expanded P T cells (Fig. 4D). Similar to
what others have reported, we observed a diverse number of
TRA and TRB chains and a limited number of TRG chains in
our y-afy T cells in both NP and P + expanded T cell datasets
(29). In both NP and P + expanded y-of3 T cells, the TRGV10
variable gene was used in >80% of lineages (singleton or
expanded). We did not observe one TRAV and TRBV gene
used in >12% of lineages.
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Some studies have reported T cells that coexpress af3 and yd
receptors (29, 30). Others have characterized 8/af T cells that pos-
sess chimeric contigs that encompass a 8 variable gene but o J and
C region domains (31). This chimeric scenario is unlikely to be the
case in these data because chimeric contigs as the one described in
d/af T cells would be removed from our analyses (see Materials
and Methods). The frequency of y-af3 T cells was between 9.32
and 12.46% of the T cells in PBMC and splenocyte samples,
while y-B T cells were between 11.77 and 25.39% (Supplemental
Fig. 3D). It shows that the observed coexpression was not unique to
these FACS-sorted T cell datasets. Because typical single-cell-based
TCR repertoire sequencing analyses have focused on «f§ T cells, it
is unclear whether these a3 T cells coexpressing TRG or TRD tend
to be undetected or are atypically deleted at some point postproduc-
tion. In addition, the presence of TRG transcripts in o8 T cells does
not imply yd TCRs are on the surface of the same T cells. Obvi-
ously future analyses of more samples are needed. However, this
complete chain pairing coverage highlights the unbiased potential of
our rhesus scIRS assays, which could also enable future exploratory
analysis of TRA/TRB and TRG/TRD coexpressions.

Integrative analysis of gene expression profiles and V(D).J
repertoires of the same single cells
Parallel 5’ gene expression profiling analysis allowed us to cluster

the same single cells into groups of cell types and to overlay indi-
vidual cells with their Ig and TCR repertoire data (Fig. SA, 5B). For
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example, in the PBMC2 sample (Fig. 5A), we identified 2100 B
cells across three cell clusters. We recovered 1344 (64.1%) B cells
with paired H and L chains, 636 (30.3%) with only an L chain, and
62 (3%) with only a H chain. Among the 3071 T cells in the same
PBMC?2 sample, we recovered 1495 (48.7%) cells with paired TCR
VDI and VI chains, 651 (21.2%) cells with only a VDJ, and 582
(19%) cells with only a VI chain. The rates of paired TCR chains
were similar across the different T cell subtypes. Among the 3531
B cells identified in the splenocyte sample (Fig. 5B), we recovered
2118 (60%) B cells with paired H and L chains, 817 (23%) with
only an L chain, and 328 (9.3%) with only an H chain. In the same
splenocyte sample, we captured 1886 T cells. Of those, we recov-
ered 575 (30.5%) cells with paired TCR VDJ and VJ chains, 472
(25%) cells with only a VDJ, and 347 (18.4%) cells with only a VJ
chain. In addition, we observed 492 (26.1%) T cells without any
TCR V(D)J contigs (Supplemental Table I).

Intriguingly, among the cells sequenced in the PBMC2 data-
set, we observed a small cluster of 23 B cells clustered sepa-
rately from the others (Fig. 5A). On investigation, we obtained
both Ig and TCR V(D)J contigs from a high fraction of these
cells. Of these 23 cells, Ig and TCR dual expression was
detected in 22 (>95%) cells. Dual expression of Ig and TCR
molecules was also observed in 229 additional cells, but these
cells appeared to be randomly distributed in UMAP space.
Therefore, we focused our exploratory Ig/TCR dual-expression
analysis on this small cluster of 23 cells.
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FIGURE 5. Integration of gene expression and V(D)J profiles of single cells. (A) UMAP plots of the (left to right) assignment of cell type, Ig chains, TCR
chains, and dual Ig and TCR detection for each cell in PBMC 2 sample. (B) Same as (A), but the splenocyte sample. (C) Normalized expression of Ig and
TCR signal transduction genes, as well as CD3" B cell gene expression signatures across CD3 B cells (green) and randomly sampled B (gold) and T cells

(blue). (D) Distribution of UMIs and unique features in CD3"* B and B cells.

Dual expression of Ig and TCRs or other B and T cell markers
has been reported by others, but the role that these hybrid lympho-
cytes play is largely unknown (32-34). The possibility of doublets,
where two cells are given the same cellular barcode, does arise
when using droplet-based single-cell technologies, such as the 10x
Genomics used in this study. To assess the potential for these cells
to be B+T cell doublets, we used differential expression analysis to
identify transcriptomic signatures that were absent in B and T cells.
This small B cell cluster not only expressed both Ig and TCR mole-
cules but also the genes involved in B and TCR signal transduction.
CD79A, CD79B, CD3E, CD3G, and CD3D were all upregulated in
this small cluster of B cells. As such, we labeled this cluster as
CD3" B cells. The top differentially expressed genes appeared to
be constitutively expressed across these CD3" B cells but absent in
regular B and T cells (Fig. 5C). Furthermore, CD3" B cells did not
have a greater sequencing depth than other B cells in terms of num-
ber of UMIs or unique features expressed (Fig. SD). To further
demonstrate the transcriptional differences of CD3" B cells from
technical B+T cell doublets, we simulated B+T cell doublets and
added their expression profiles to the gene expression matrix to
rerun dimension reduction and clustering (see Materials and Meth-
ods). To assess the transcriptional similarity of CD3" B cells and
simulated B+T cell doublets, we measured the Euclidean distance
between CD3" B cells to each other and to simulated doublets.
Consistently, CD3 " B cells were closer to each other (3.06 + 0.397)

(i.e., more transcriptionally similar) than to simulated doublets
(5.14 = 0.570). These results were additionally found to be statis-
tically significant by Wilcoxon rank sum test (adjusted p < 0.05).
Taken together, these data suggest that these CD3" B cells were
less likely to be B and T cell doublets and more likely to be
expressing both Ig and TCR transcripts.

Discussion

In this study, using extensive experimental optimization and valida-
tion, we established rhesus-specific single-cell high-throughput
assays for Ig and TCR repertoire sequencing analysis that recover
every known rhesus Ig and TCR isotype and chain type. Although
rhesus macaque is one of the most widely used nonhuman primate
models, it is our understanding that this is the first such assay
developed for rhesus macaques that are also fully compatible with
a commercially available platform. We also devised a custom com-
putational pipeline to process and analyze the generated rhesus
single-cell V(D)J sequencing data.

The establishment of these single-cell-based Ig/TCR repertoire
sequencing assays will improve our understanding of immune
responses in rhesus macaques, which will in turn allow for applica-
tions to further understanding the immune response in humans. For
example, we were able to detect clonally expanded lineages of T
cells in a P T cell sample, using the full-length productive VDJ and
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VJ sequences paired within single cells. The overlay of cellular
gene expression profiles allowed the identification of the underlying
cell types and subsets. We also observed rare cells expressing both
Ig and TCR V(D)J transcripts that could be investigated in the
future. Compared with the human and mouse assays commercially
available from 10X Genomics, our assays also capture TRG and
TRD chains. Although a3 T cells are more frequent in general, our
results showed that the frequencies of y8 T cells could be extremely
variable, and sometimes their frequency could be as high as 26% of
V(D)J contigs detected in a PBMC sample. This suggests that the
additional coverage of TRG and TRD TCRs may enable the discov-
ery of relevant biological insights that are overlooked by current
assays.

Unexpectedly, we detected y-a T cells in all four types of rhe-
sus samples that we analyzed in this study: PBMC, splenocyte,
FACS-sorted NP, and clonally expanded P T cell samples. Interest-
ingly, we also observed a large increase in the frequencies of y-of3
T cells in the clonally expanded P T cell sample compared with the
NP T cell sample (Fig. 4D). Generally, a mutually exclusive pattern
of TRG/TRD and TRA/TRB expression is expected (35). However,
reports have demonstrated that there are exceptions. Using FACS in
combination with quantitative PCR and single-cell RNA sequencing,
research studies have observed and validated the presence of dual-
expressing yd-afy T cells at the mRNA and cell surface receptor
level in multiple tissues and developmental stages of human and
mice (29, 30). Furthermore, transgenic mice constructed with a pair
of productively rearranged TRG and TRD genes have been shown
to produce a normal number of a8 T cells (36), in addition to other
reported unconventional expression patterns of TCR molecules (37,
38). Considering potential technical confounding factors, such as
ambient transcripts and technical doublets, future independent analy-
ses will be needed to experimentally investigate the rhesus y-of8 T
cells observed in this study.

Analysis of the adaptive immune response has coevolved with
the advancement of high-throughput immune repertoire sequencing
(IRS) strategies. For RNA-based analysis, 5" rapid amplification of
c¢DNA ends has been used to reliably generate unbiased amplifica-
tion of Ig and TCR ¢cDNA molecules and can be done using a sim-
ple primer set (39-41). The major limitations of 5’ rapid
amplification of ¢cDNA ends and similar strategies have been
extracting the pairing of V region information required for the deter-
mination of Ag/epitope specificity. Therefore, single-cell high-
throughput sequencing strategies started to emerge to recover paired
V region sequences. Emulsion PCR, where TCRB and TCRa RNA
molecules from single cells are fused together (42, 43), and pairSeq,
where single cells are isolated and mRNA reverse transcription reac-
tions occur individually within a 96-well plate, became common-
place (44). Despite the advancement in chain pairing of these IRS
strategies, these methods are generally low throughput in terms of
the number of cells sequenced in a single experiment and are not
applicable to many Ig and TCR chain types. The recent advent of
droplet-based single-cell sequencing technologies has greatly
improved the throughput of IRS analysis. The human and mouse
immune profiling assays from 10X Genomics allow for the recovery
of paired, full-length V(D)J sequences, as well as gene expression
profiles of thousands of cells simultaneously.

However, the development of similar scIRS assays for other spe-
cies is challenging. For a species of interest, it requires the complete
Ig and TCR reference sequences, which are often lacking due to the
extreme complexity of Ig and TCR loci. Recently, we obtained a
complete reference set for the C regions of rhesus Ig and TCR iso-
types and chain types using long-read transcriptome sequencing
(16), which bypasses the need of rhesus-specific germline reference
sequences. This reference set enabled us to design and validate
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primers targeting rhesus V(D)J C region sequences to achieve com-
plete and unbiased repertoire analysis, whereas primer pools target-
ing the highly diverse V regions can miss as much as 50% of
repertoire sequences (15). In this study, we used de novo assembly
to reconstruct captured Ig/TCR transcripts with full-length produc-
tive V(D)J regions instead of using germline reference sequence-
based approaches. Still, the availability of comprehensive rhesus
germline reference sequences could greatly facilitate the analysis
and the biological interpretation of the obtained Ig/TCR repertoire
data. Building rhesus germline reference sequence collections would
require future developments.

In summary, these results demonstrate that scIRS assays we
established in this study for rhesus macaques can be used to recover
every known Ig and TCR isotype and chain type in an unbiased
fashion, pair VDJ and VI transcripts in the same cells, detect clon-
ally expanded lineages and dual-expressing cels, and integrate
V(D)J repertoires with cellular gene expression profiles. These
scIRS assays will greatly facilitate the analysis of the adaptive
immune responses in rhesus macaques.

Acknowledgments

Cryopreserved splenocyte samples were provided by Dr. Sallie R. Permar at
Duke University. The rhesus B-lymphoblastoid cell line used in this study
was provided by the National Institutes of Health Nonhuman Primate
Reagent Resource (U24 Al126683). Rhesus T cell lines RH447 and RH444
were provided by Dr. Vanessa M. Hirsch at National Institute of Allergy and
Infectious Diseases, National Institutes of Health.

Disclosures
The authors have no financial conflicts of interest.

References

1. Schroeder, H. W., Jr., and L. Cavacini. 2010. Structure and function of immuno-

globulins. .J. Allergy Clin. Immunol. 125(Suppl. 2): S41-S52.

Davis, M. M., and P. J. Bjorkman. 1988. T-cell antigen receptor genes and T-cell

recognition. [Published erratum appears in 1988 Nature 335: 744.] Nature 334:

395-402.

3. Murphy, K., P. Travers, and M. Walport. 2017. The generation of lymphocyte
antigen receptors. In Janeway’s Immunobiology, Tth Ed. K. Murphy, P. Travers,
and M. Walport, eds. Garland Science, New York, p. 188-189.

4. Li, F., M. Luo, W. Zhou, J. Li, X. Jin, Z. Xu, L. Juan, Z. Zhang, Y. Li, R. Liu,
et al. 2021. Single cell RNA and immune repertoire profiling of COVID-19
patients reveal novel neutralizing antibody. Protein Cell 12: 751-755.

5. Mor, M., M. Werbner, J. Alter, M. Safra, E. Chomsky, J. C. Lee, S. Hada-Neeman,

K. Polonsky, C. J. Nowell, A. E. Clark, et al. 2021. Multi-clonal SARS-CoV-2 neu-

tralization by antibodies isolated from severe COVID-19 convalescent donors. PLoS

Pathog. 17: €1009165.

Watson, C. T, J. Glanville, and W. A. Marasco. 2017. The individual and popula-

tion g of antibody i ity. Trends I l. 38: 459-470.

. Williams, K., A. Lackner, and J. Mallard. 2016. Non-human primate models of

SIV infection and CNS neuropathology. Curr. Opin. Virol. 19: 92-98.

Flynn, J. L., H. P. Gideon, J. T. Mattila, and P. L. Lin. 2015. Immunology studies

in non-human primate models of tuberculosis. Immunol. Rev. 264: 60-73.

. Meyer, C., A. Kerns, K. Haberthur, J. Dewane, J. Walker, W. Gray, and I.
M di. 2013. Attenuation of the adaptive immune response in rhesus
macaques infected with simian varicella virus lacking open reading frame 61.
J. Virol. 87:2151-2163.

10. Lackner, A. A, and R. S. Veazey. 2007. Current concepts in AIDS pathogenesis:

insights from the SIV/macaque model. Annu. Rev. Med. 58: 461-476.

1. Hansen, S. G., J. C. Ford, M. S. Lewis, A. B. Ventura, C. M. Hughes, L. Coyne-
Johnson, N. Whizin, K. Oswald, R. Shoemaker, T. Swanson, et al. 2011. Profound
early control of highly pathogenic SIV by an effector memory T-cell vaccine. Nanuwre
473: 523-527.

12. Hansen, S. G., M. Piatak, Jr., A. B. Ventura, C. M. Hughes, R. M. Gilbride, J. C.
Ford, K. Oswald, R. Shoemaker, Y. Li, M. S. Lewis, et al. 2013. Immune clear-
ance of highly patt ic SIV infection. [Published errata appear in 2014 Nature
514: 654 and 2017 Nature 547: 123-124.] Nature 502: 100-104.

13. Munster, V. I, F. Feldmann, B. N. Williamson, N. van Doremalen, L. Pérez-
Pérez, J. Schulz, K. Meade-White, A. Okumura, J. Callison, B. Brumbaugh, et al.
2020. Respiratory disease in rhesus macaques inoculated with SARS-CoV-2.
Nature 585: 268-272.

N

o

-

g

-]

TT0T °1 ATeniqeg uo saLreIqr AISISATUN) 9)e)S BUIjoIe) YHON je /810 Tountui[mamm //:dyy woly pepeoumod



63



