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ABSTRACT OF THE THESIS

An Atlas of Immune Cell Exhaustion in HIV-Infected Individuals Revealed by Single-Cell

Transcriptomics

by

Hui Hui
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University of California San Diego, 2020

Professor Tariq Rana, Chair
Professor, Matthew Daugherty, Co-chair

Chronic infection with HIV (human immunodeficiency virus) impairs immune cell
function, and leads to immune cell exhaustion, and thus results in incapability of controlling virus
replication. But the development and maintenance of immune cell exhaustion remain unclear to
researchers still. Hereby this project uses single-cell RNA sequencing technique to unravel the
gene expression landscape, and to study the effect of HIV infection on immune cell exhaustion.
Peripheral blood mononuclear cells samples from six patients were used for sequencing, in

which three were low viral load (15758 cell counts in total), and the other three were high viral

Xi



load (12852 cell counts in total). Two healthy donor samples were used as control, with a total
number of cells add up to 15121. Nine major immune cell clusters and eight T cell subtypes
were identified based on their unique gene signatures. Among the T cell subclusters, exhausted
memory CD8+ T cells and CD4+ T cells, and interferon high CD8+ T cells were only found in
HIV-infected donor samples. An inhibitory receptor gene KLRG1 was found to be differentially
expressed in HIV-infected donors, which was further identified to be a potential exhaustion
marker. Experiments showed that there was an exhausted CD8+ T cell population expressing
KLRGH1, TIGIT, and T-bet (dim) EOMES (high) markers. Ex-vivo antibody blockade of KLRG1
restored the function of exhausted T cells, indicating that KLRG1 plays an important role in T
cell exhaustion, which could be a potential immunotherapy target to treat chronic HIV infection.
Also, analysis of integrated healthy and HIV-infected donor samples further revealed B cell and
NK cell dysfunction induced by HIV infection. This project studied gene expression patterns of
immune cell exhaustion as a result of HIV infection, providing potential immune cell exhaustion
markers, which is useful in studying exhaustion mechanisms, and even developing new cure

therapies.
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Chapter 1: Introduction

1.1 Single Cell Gene Expression RNA Seguencing

Single-cell RNA sequencing, as the name implies, is a collection of RNA sequencing
technology that allows RNA content of individual cells to be sequenced (Regev et al., 2017)[1].
Some of the methods focus on mMRNA coming from 3’ or 5’ ends (Islam et al., 2014; Macosko et
al., 2015)[2, 3], some mainly address mRNA structure and splicing question by sequencing
nearly full length sequences (Hashimshony et al., 2012; Ramskdld et al., 2012)[4, 5]. One
important technique involved in scRNA is the single cell isolation method. Strategies for single-
cell isolation include manual cell picking (Eberwine et al., 1992; Van Gelder et al., 1990)[6, 7],
utilizing microfluidic devices (Shalek et al., 2014; Treutlein et al., 2014)[8, 9], and FACS-based
sorting (Ramskold et al., 2012; Shalek et al., 2013)[5, 10]. Most recently, droplet-based and
microwell based isolation approaches have been used widely, as they have large throughout,
and allow rapid processing of large numbers of cells simultaneously. Samples used for scRNA
seq are typically fresh dissociated tissue, and sometimes fixed cells (Nichterwitz et al.,

2016; Thomsen et al., 2016)[11, 12]. Nuclei isolated from frozen or fixed tissue can also be used
in some protocols, which provides the possibility of using archival materials for a wider range of

research purposes. As scRNA sequenciing technology is still developing, RNA isolated from live
cells can be analyzed as well, allowing the transcriptomic signature of the cells in their natural

microenvironment to be studied (Lovatt et al., 2014)[13].



Table 1.1: Summary table of single-cell isolation methods by the year of 2013 (Shapiro et al.
2013)[14].

Method Unbiased (randomized) or biased Throughput Cost Manual or automatic
(targeted)? isolation process?

Micromanipulation Unbiased s Low Mainly manual
throughput

Fluorescence-activated . : . High- :

cell sorting Either biased or unbiased throughput High Automatic

Laser-capture ; Low- .

microdissection Unbiased throughput High. | Menust

Microfluidics Unbiased N High Automatic
throughput

Single-cell RNA sequencing can be used in a variety of research fields: analyzing the
genomes and transcriptomes of individual cells, revealing transcriptomic variability among cells,
studying functional states of heterogenous cells, characterization of earliest differentiation
events in cells, and so on (Shapiro et al., 2013)[14]. scRNA sequencing together with other
sequencing technologies can also shed light on genomic, transcriptomic, and epigenomic states
of single cells simultaneously, mapping disease development in pseudotime, and monitoring
immunotherapy response (Shapiro et al., 2013)[14].

A global initiative called the Human Cell Atlas Project is working to utilize fast developing
high-throughput single-cell RNA profiling to determine all human cell types using unique gene
expression patterns (Regev et al., 2017)[1]. This project would make a profound influence on
our understanding of biology, as it brings a new level of resolution to what we study everyday

(Regev et al., 2017)[1].

1.2 Human Immunodeficiency Virus (HIV) and Immune Exhaustion

The human immunodeficiency virus (HIV) belongs to the genus Lentivirus in the family of
Retroviridae, subfamily Orthoretrovirinae (German Advisory Committee Blood, 2016; Luciw et
al., 1998)[15, 16]. It is classified into type 1 and type 2, or HIV-1 and HIV-2, based on genetic

characteristics and viral antigen differences. HIV is known to be introduced to human population



around 1920s to 1940s. HIV-1 is generally thought to be evolved from immunodeficiency viruses
from Central African chimpanzees, while HIV-2 is believed to come from West African sooty
mangabeys (German Advisory Committee Blood, 2016; Gao et al., 1999; Sharp et al., 2011;
Faria et al., 2014)[15, 17-19].

There are more than 76 million people in total been infected with human
immunodeficiency virus (HIV) since it was first recognized in the 1980s. Nowadays, there are
about 37 million people currently having HIV infection, but only 21 million people have access to
antiretroviral therapy (UNAIDS.org; http://www.unaids.org/en/resources/fact-sheet). The
development of cART (combination antiretroviral therapy) greatly helps controlling HIV viremia,
and significantly reduces the mortality of HIV-infected patients. However, patients are not
completely cured—withdrawal of CART treatment leads to a rebound of HIV viremia, meaning
that patient’s immune system is still unable to control viral replication. (Chun et al., 2010; Palella
et al., 1998)[20, 21] The main reason for this is that HIV induces host immune system
dysfunction in the long run. Continuous exposure to HIV viral antigens, leads to chronic
activation of immune cells, progressive loss of immune cell functions, and in the end, causes
immune cell exhaustion (Cheng et al., 2017; Haas et al., 2011; Jones et al., 2008; Lederman et
al., 2013; Zhen et al., 2017)[22-26].

Immune cell undergoing exhaustion loses effector functions and is no long able to
control virus. For example, exhausted CD8 T cells lose cytotoxic effector function, and thus are
unable to eradicate HIV-infected cells (Wherry, 2011)[27]. In addition, exhausted CD8 T cells fail
to differentiate from effector cells into memory cells, which can be rapidly reactivated upon
encounter with antigen (Wherry, 2011; Wherry and Kurachi, 2015)[27, 28]. CD4 T cells also lose
their effector functions under the influence of chronic HIV infection, resulting in failure to
produce cytokines, like IL-2 and IL-21, which sustain HIV-specific CD8 T cells (Elsaesser et al.,

2009; Porichis et al., 2011; Wang et al., 2017)[29-31]. What's worse, CD4 T cell depletion and



exhaustion leads to dysfunction of CD8 T cells, issuing in disease progression (Wherry, 2011;
Wherry and Kurachi, 2015)[27, 28].

Sustained high expression of inhibitory receptors such as CTLA-4, PD-1, CD160, TIM-3,
and TIGIT is a signature for T cell exhaustion. Expression of several such inhibitory receptors
was found by previous studies (Chew et al., 2016; Day et al., 2006; Trautmann et al., 2006;
Jones et al., 2008; Kaufmann et al., 2007; Peretz et al., 2012; Petrovas et al., 2006)[24, 32-37]
to be associated positively with plasma viral load and HIV disease progression. One thing worth
noticing from literatures is that, neutralizing antibody-mediated blockade of these inhibitory
receptors can reverse T cell exhaustion by augmenting effector production, and HIV-specific
CD4+, CD8+ T cells proliferation (Chew et al., 2016; Jones et al., 2008; Kaufmann et al., 2007;
Peretz et al., 2012; Trautmann et al., 2006)[24, 32, 34-36]. For example, blockade of PD-1 in
SIV (simian immunodeficiency virus)-infected macaques result in SIV-specific CD8 T cells
expansion, memory B cell proliferation, reduced viremia, and prolonged life span (Dyavar Shetty
et al., 2012; Velu et al., 2009)[38, 39]. Also, treatment with PD-L1 blocking antibody in
humanized mice with chronic HIV infection decreases viremia and increases CD4 T cell
population (Palmer et al., 2013)[40]. Literature even shows that, anti-PD-1 treatment in a HIV-
infected patient with non-small-cell lung cancer results in observation of decreased HIV viremia,
and restoration of HIV-specific CD8 T cell functions (Guihot et al., 2018)[41]. There is a clinical
trial ongoing to evaluate PD-1 blockade on its safety and efficiency in HIV-infected patients with
insufficient CD4 T cells (NCT03367754).

Not only T cells undergo exhaustion, B and NK cells can also be exhausted when
exposed to chronic HIV infection (Costanzo et al., 2018; Mavilio et al., 2005; Moir et al,
2008)[42-44]. Although it is promising to develop cure strategy that focuses on reversing
immune cell exhaustion, little is known about the mechanisms involved at transcriptomic level.

Thus, analysis of immune exhaustion gene expression pattern helps understanding HIV-induced



immune exhaustion mechanisms, and is crucial for curing and preventing HIV infections, and

potentially other similar viral infections.

1.3 Single Cell Application in Virology Research

As a powerful tool to analyze gene transcriptomic profiles of individual cells, single-cell
RNA sequencing technology has been widely used in immune and virology research. With the
advantage of measuring gene expression levels by cells, scRNA sequencing is able to reveal
the heterogeneity of cells involved in biological processes (Svensson et al., 2018)[45]. Thus, it is
quite useful in unraveling immune cell identities by gene signatures, no matter how large or
complex the dataset is (Giladi and Amit, 2018; Wagner et al., 2016)[46, 47]. Before scRNA
sequencing, bulk RNA sequencing can only provide averaged values from complex, and
potentially heterogeneous populations (Papalexi and Satija, 2018)[48]. Thus, before scRNA
sequencing becomes available, the complexity and dynamic states of each individual cell can
hardly be analyzed. This major obstacle makes it impossible to reveal host immune response to
HIV infection by bulk RNA sequencing. Not to mention the difficulty of identifying rare or novel
cell populations bulk RNA sequencing puts before us (Villani et al., 2017)[49]. However, scRNA
sequencing is already able to discern cell types, and even discover new cell types like human
blood dendritic cells (DCs), monocytes, and progenitors, giving us a revised taxonomy of blood
cells (Villani et al., 2017)[49]. Thus, we believe scRNA sequencing can make it possible to
analyze the gene expression landscape in HIV infected donor samples, and even discover the
effect of HIV infection on certain cell types or subtypes.

scRNA sequencing technology has been widely used in virology research as well. For
example, a unique transcriptional profile was discovered in reactivated latent CD4 T cells in
HIV-infected patients, which allows cell division without activating cell death pathways normally

triggered by HIV replication (Cohn et al., 2018)[50]. In another study on HIV latency,



transcriptional heterogeneity induced by HIV latency and reactivation was analyzed using
single-cell RNA sequencing (Golumbeanu et al., 2018)[51]. Other literatures unraveled gene
expression dynamics in viral infections like Zika and dengue using scRNA sequencing
techniques (Zanini et al., 2018)[52]. Researchers also used scRNA sequencing to analyze
transcriptional landscapes and heterogeneity during cytomegalovirus latency (Shnayder et al.,
2018)[53], and influenza virus infection (Russell et al., 2018)[54]. What’s more, related new
technologies like scATAC sequencing was used together with other methods like mass
cytometry to reveal the epigenetic atlas of T cell exhaustion caused by cancers and chronic viral
infections (Bengsch et al., 2018; Sen et al., 2016)[55, 56] Been used to investigate viral
diversity, latency and reactivation of certain virus, heterogeneity of infection states, and virus-
host interactions, scRNA sequencing definitely has the potential to provide unique insights into

immune exhaustion caused by HIV infection.

1.4 Aim of Study

This project aims to utilize high throughput sequencing technology single-cell RNA
sequencing to discover the landscape of HIV infection induced immune cell exhaustion by
comparing HIV-infected patient PBMC samples with healthy donor samples. We hope single-
cell RNA sequencing could make it possible to discover rare cell types, and analyze their gene
signatures, and the HIV infection effect on them. Furthermore, this project aims to discover
novel marker genes unique to known, or new cell types. In the end, we hope our finding will help
understanding T cell exhaustion mechanisms, and even provide promising targets for future

immunotherapy drug development.



Chapter 2: Results

2.1 An Atlas of PBMCs in Healthy and HIV-Infected Donors

In order to study immune cell exhaustion in HIV-Infected individuals, PBMCs from
healthy donors and HIV-Infected patients were isolated and used to perform single-cell RNA
sequencing. In patient samples, three low viral load samples and three high viral load samples
were included. A total of 12,852 cells were sequenced from high viral load samples, and a total
of 15,758 cells were detected in low viral load samples. Thus, around 4000 to 5500 cells were
from each patient sample. In contrast, a total of 15,121 cells were found in two healthy control
samples. Summary of donor information, including medication, is in table 2.1.

An atlas of HIV-Infected donors compared with healthy donors was thus obtained.
Through single-cell RNA sequencing analysis using scripts and R packages, distinct clusters
were produced, and were identified and assigned with cell types using cell type specific genes.
The absolute CD4" T cell counts in the clinical blood samples and the numbers estimated from
the scRNA-seq analysis showed a strong correlation, indicating that the scRNA-seq datasets

accurately reflect the cell clusters present in the original blood samples.

Table 2.1: Summary table of HIV-infected individuals and healthy donors.

PID Age Gender Ethnicity I)L..rauun of HIV Duration of n.ul ART regimen Plasma HIV 'K\‘ A  Stage of CD4+ count Elite

- infection, years suppression (copies/mL) infection (cells/ul) controllers
529 59 Male Non-Hispanic 03 IRtermattent supprosace GENVOYA 585,100 Chronsc 203 No
M7 56 Male African American 27 Irtermtent supprosaoe ~ - X NORVIR 85,072 Chromic 299 No
168 36 Male African American 35 Never suppressed 259,111 Chronic 37 No
876 3 Male White 76 Fully suppressed Triumeq 20 Chronic K06 No
630 58 Male other race 2 Fully suppressed ODEFSEY = TIVICAY <20 Chronic 603 No
471 60 Male other race 11 Fully suppressed JULUCA <20 Chroaic 638 No
HDI 2 Female Non-Hispanic
HD2 23 Male White

* Duration of viral suppression: fully suppressed (plasma HIV viral load < 50 copies/'mL for >6 months), never suppressed (No ART treatment), intermittent suppression (ART treatment
and plasma HIV viral load >50 copies/'mL)



2.1.1 Well-Separated Clusters are Produced by Clustering Analysis

Seurat clustering analysis clusters each sample into distinct clusters. Usually 20 — 30
original clusters were found in each dataset. Further cell type identification resulted in nine
maijor cell type clusters in samples: CD4+ T cells, CD8+ T cells, natural killer cells (NK), B cells,
CD14+ monocytes, CD16+ monocytes, conventional dendritic cells (cDC), plasmacytoid
dendritic cells (pDC), and megakaryocytes (Mk). Visualization method tSNE (t-distributed

stochastic neighbor embedding) shows cell type clusters are well-separated.
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Figure 2.1.1: Cell distribution plot of eight samples using t-distributed stochastic neighbor
embedding (tSNE) projection. Sample name and condition is labeled above each plot. Major cell
clusters were identified based on gene markers and shown for each sample, using the same
color and naming scheme as indicated in the legend on the upper right corner: CD4 T cells,
CD8 T cells, NK cells (natural killer cells), B cells, CD14 mono (CD14+ monocytes), CD16 mono
(CD16+ monocytes), cDC (conventional dendritic cells), pDC (plasmacytoid dendritic cells), and
Mk (megakaryocytes).

2.1.2 Major Cell Types are Identified in Both Patient and Healthy Donor

Samples using Established Cell Type Specific Genes




These nine major cell clusters were identified in healthy donor samples and in HIV-Infected
individual samples. Gene expression of canonical biomarkers for cell types were used to
classify them: CD4+ T cells: CD3D+, CD8A-, IL7Rhi; CD8+ T cells: CD3D+, CD8A+; NK cells:
CD3D-, CD8A-, IL7R-, GNLYhi; B cells: MS4A1+; CD14+ mono: LYZhi, CD14hi; CD16+ mono:

LYZhi, FCGR3Ahi; cDC: LYZhi, CD14hi; pDC: LYZhi, IGJhi; Mk: PPBP+.

Graph 2.1.2: Violin plots of healthy donor 1 (HD_1) dataset showing marker genes expression
across cell types indicated by color on the right hand side. Each dot represents a cell, and the
shape of the violin indicates expression distribution within the cluster.
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2.1.3 CD8 and CD4 T Cell Ratios are Significantly Changed in HIV-Infected

Patients

The healthy donor PBMC samples showed expected proportions of CD4+ and CD8+ T
cells: roughly 50% sequenced cells are T cells; within T cell populations, CD4+ T cells and
CD8+ T cells had a ratio of 2:1 (Chen et al., 2018)[57]. T cell populations in HIV-infected

samples, however, were drastically changed.
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The percentage of CD4+ T cells in high viral load samples (3.6%, 18.1%, and 25.2%,
respectively) were considerably lower than that in healthy control samples (33.9%, and 34.0%,
respectively). But at the same time, CD8+ T cells percentage (32.7%, 40.8%, and 36.1%,
respectively) were significantly higher than that in healthy donor samples (22.0%, and 20.7%,
respectively).

On the contrary, higher-than-normal percentage of CD4+ T cells was observed in three
low viral load samples (60.7%, 64.3%, and 40.5%). %).

Importantly, the absolute CD4* T cell counts in the clinical blood samples and the
numbers estimated from the scRNA-seq analysis showed a strong correlation (R?=0.87),
indicating that the scRNA-seq datasets accurately reflect the cell clusters present in the original
blood samples.

Graph 2.1.3: On the left is the pie charts showing the percentage of CD4 T cells, CD8 T cells,
and other cell types within samples. Sample ID for each dataset is labeled above each pie chart.
On the right is the linear regression analysis showing the correlation between CD4+ T cell

counts calculated from scRNA analysis (cells/1000 PBMCs) vs flow cytometry (cells/ul) of
PBMCs from HIV-infected donors.
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2.1.4 Percentage of Specifc Cell Types are Significantly Changed by HIV

Infection

Although T cell ratio changes resulted from HIV infection was certainly interesting and
worth further research on, | can’t help to notice that percentage of other cell types were also

changed by HIV infection, and even viral load.
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B cell population percentages are significantly higher in high viral load patients
compared with healthy controls. CD14+ mono percentage, however, is lower in all HIV-Infected
samples (both high and low viral loads), comparing to that of healthy donors. Low viral load
datasets showed way lower CD16+ mono percentage in all three donors, compared to both
healthy and high viral load individuals. cDC, on the other hand, was only found in healthy

controls, but not in HIV-infected patients.
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Table 2.1.4: Summary table of sample PID, plasma HIV RNA concentration (indicating viral
load), cell counts in total and in cell type clusters, and percentage of each cell type within each
sample.
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2.1.5 The Composition and Proportion of T Cell Subtypes (Exhausted and

IFNhi Populations) are also Markedly Altered by HIV Infection

In order to study the intriguing pattern of percentage change in T cell populations,
subsetting and clustering on the T cell populations were performed on each sample. Signature
genes indicating the cell subtype and state were used to further identify subsets: naive CD4+ T
cells (CD4-Tn): CD8A-, CCR7+, IL7Rhi; effector memory CD4+ T cells (CD4-Tem): CD8A-,
IL7Rhi, CCR7-, GZMA+ (Gattinoni et al., 2011)[58]; precursor memory cells (CD4-Tpm): CD8A-,
IL7Rhi, CCR7low, LTBhi; naive CD8+ T cells (CD8-Tn): CD8A+, CCR7hi; effector memory
CD8+ T cells (CD8-Tem): CD8A, IL7R-, CCR7-, GZMA+, NKG7+. The putative CD4-Tpm
cluster having unique gene signiture was found in some of the samples. It showed a similar
pattern to that of CD4-Tn cells (TCF7, FOXP1, etc.), however, effector funtion-associated genes
(e.g. GZMA, CCR5, NKG7) were found lowly expressed in this cluster. This may suggest the
cells in this cluster were undergoing a transitional state between naive and effector memory
(Gattinoni et al., 2011; Youngblood et al., 2017)[58, 59]. Moreover, high expression of LTB gene
(TNF family molecule lymphotoxin beta) was found in this cluster, which matches the description
of a CD4-Tpm cytotoxic cell cluster in literature (patil et al., 2018)[60].

Exhaustion cells and cells with high expression of IFN-stimulated genes should also be
expected in patient samples. The following marker genes were used to identify said T cell
populations: exhausted memory CD8+ T cells (CD8-Tex): CD160hi, TIGIThi (Chew et al., 2016;
Peretz et al., 2012)[32, 36]; Exhausted memory CD4+ T cells (CD4-Tex): TIGIThi, CTLA4
(Kaufmann et al., 2007)[35]; CD8+ Tem cells with upregulation of IFN-stimulated genes (CD8-
Tem-IFNhi): OASLhi, ISG15hi, IFIT2hi, and IFIT3hi. Expression of the used marker genes for

CD8-Tem-IFNhi showed an expansion of the host antiviral response.
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Figure 2.1.5: Feature plot showing expression level of marker genes used to discern cell types
in tSNE plot of HD_1. Expression level was indicated by color scale: red: high expression, and
grey: low expression.

After clustering and cluster cell type assignment, The T cell subtypes in each dataset
and the relative proportion of them were shown even clearer on tSNE plots. It is quite obvious
that high viral load samples contained smaller populations of CD4-Tem and CD8-Tn cells, but
CD8-Tex, CD4-Tex, and CD8-Tem-IFNhi populations can be discerned instead. Tex gene
signatures were found to be at percentages of 18.1%, 10.1%, and 33.9%, respectively in three
high viral load samples. On the other hand, low viral load donor samples showed a reduction in
CD4-Tem and CD8-Tn populations as well but had CD8-Tem-IFNhi cluster instead. However,

no distinct CD4-Tex and CD8-Tex cells were found.
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Figure 2.1.5.2: Cell distribution plot of T cell subsets for eight samples using t-distributed
stochastic neighbor embedding (tSNE) projection. Sample name and condition is labeled above
each plot. T cell subtypes were identified based on gene markers and shown for each sample,
using the same color and naming scheme as indicated in each figure legend: CD4-Tn: naive
CD4+ T cells; CD4-Tem: effector memory CD4+ T cells; CD4-Tpm: precursor memory cells;
CD8-Tn: naive CD8+ T cells; CD8-Tem: effector memory CD8+ T cells; CD8-Tex: exhausted
memory CD8+ T cells; CD4-Tex: exhausted memory CD4+ T cells; CD8-Tem-IFNhi: CD8+ Tem
cells with upregulation of IFN-stimulated genes.
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Graph 2.1.5: Proportion of CD4 T and CD8 T subclusters within each sample.
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2.1.6 Pseudotime Reveals Split Trajectory of CD8 Exhaustion Cells and CD8
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Next, pseudotime analysis was used to study the developmental process from CD8-Tem
to CD8-Tex. CD8 T cell populations were analyzed, and organized into a pseudotime trajectory,
with the root state set to be CD8-Tem cells. It is obvious that CD8-Tem cells branched into CD8-
Tem-IFNhi cells and CD8-Tex cells. This pattern suggests a bifurcating trajectory of CD8
differentiation under HIV infection. Exhausted CD8+ T cells were at the end of pseudotime
trajectory, indicating a terminal differentiation state, just as expected. As CD8-Tex and CD8-

Tem-IFNhi divided, highly different gene expression patterns must had been playing a role in

defining them.
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Figure 2.1.6: Trajectory plots resulted from pseudotime analysis showing two major
developmental branches for CD8-Tem in HIV infected patients. The root state of pseudotime
analysis was set to be CD8-Tem cells. The trajectory plots were colored by cell types (left) as
indicated on the figure legend above, and by pseudotime (right), with pseudotime scale
indicated on the figure legend above as well.

2.1.7 Differentially Expressed Genes across Pseudotime Timeline

It can be discerned that known exhaustion marker genes CD160, TIGIT, along with our
newly identified possible exhaustion-related gene KLRG1 had high relative expression level in
exhaustion sub-branch cells, which were positioned at the end of the pseudotime line. At the
same time, CD8-Tem-IFNhi cells showed high expression of representative genes IFIT3, ISG15,

and OASL.
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Graph 2.1.7: Relative expression level for representative genes across pseudotime time line,
colored by T cell subtypes. Genes in the first column were found to be enriched in CD8-Tex
population, while genes in the second column were found to be enriched in CD8-Tem-IFNhi
cells.
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2.2 Identification of Novel Genes Associated with T Cell Exhaustion

In order to further study the gene signature of exhausted T cells in HIV-Infected patients,
CD8-Tex subclusters were compared against CD8-Tem cells. A total of 39 genes that were
altered in at least two high viral load datasets were identified. Among these genes, 24 were up-
regulated, including known exhaustion markers TIGIT and CD160 (Chew et al., 2016; Peretz et
al., 2012)[32, 36]. These two genes encoding for inhibitory receptors have also been discovered
to be T cell exhaustion markers in tumor-bearing and pathogen-infected animals (Chew et al.,
2016; Fraietta et al., 2016; Peretz et al., 2012; Tirosh et al., 2016; Wherry et al., 2007;
Yamamoto et al., 2011; Zheng et al., 2017)[32, 36, 61-65]. The other 15 genes were down-

regulated.
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Graph 2.2: Heatmap for HIV-infected patient ID_717 (high VL) exhibiting differentially
expressed genes comparing CD8-Tem and CD8-Tex, as labeled above. Some of the
highlighted genes were indicated on the right hand side of the heatmap. The color scale below
indicates expression level for each gene.
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Figure 2.2: Venn diagrams showing conserved up (left) and down (right) regulated genes in
CD8-Tex populations in three high viral load patient datasets.

2.2.1 KLRG1 Strongly Up-Requlated and Associated with Exhaustion

Among all the up-regulated genes showed up in the Venn diagram, KLRG1 was the
most intriguing one. Like identified exhaustion markers TIGIT and CD160 (Chew et al., 2016;
Peretz et al., 2012)[32, 36], KLRG1 is also an inhibitory receptor. KLRG1 is killer cell lectin-like
receptor subfamily G member 1, which is known to be a T cell differentiation marker (Joshi et
al., 2007)[66]. It contains an immunoreceptor tyrosine-based inhibitory motif in the cytoplasmic

domain.
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Graph 2.2.1: Violin plots of all three high VL HIV-infected donor datasets showing conserved up
regulated genes, including identified exhaustion marker genes CD160 and TIGIT, and also new
potential exhaustion related gene KLRG1, comparing CD8-Tem and CD8-Tex populations.
Patient ID’s and cell types were labeled below plots. Each dot represents a cell, and the shape
of the violin indicates expression distribution within the cluster.
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2.2.2 Function Validation of KLRG1

Observing KLRG1 were and co-expressed with CD160 and TIGIT in exhausted T cell
clusters, we came to believe that it may be involved in T cell exhaustion. Flow cytometry
analysis was done to observe the KLRG1 expression in PBMCs from healthy, low VL, and high
VL donors. The frequency of CD8+ T cells expressing KLRG1 and TIGIT increased significantly
in HIV-infected donors (low VL: 10.8%, and high VL: 18.1%), compared to only 6.6% in healthy
donors. Higher percentage of populations co-expressing KLRG1 and TIGIT was observed in
high VL samples compared with low VL, which was expected because PBMCs from higher viral

load patients showed more severe exhaustion.
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Graph 2.2.2: Flow cytometry data of healthy donors, low VL donor (ID_723), and high VL donor
(ID_150), showing percentages of TIGIT and KLRG1 co-expressing CD8 T cells. Numbers in
each corner represents the percentage of KLRG1-TIGIT+, KLRG1+TIGIT+, KLRG1-TIGIT-,
KLRG1+TIGIT- cell populations.
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Graph 2.2.2.2: Box plot showing percentages of KLRG1+TIGIT+ population increase with viral
load. Data used in this plot was collected from flow cytometry of healthy donors (n=4), low VL
donors (n=9), and high VL donors (n=6). Mean + SD, *p < 0.05, student’s t test.
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Next, we wanted to discern the exact HIV-induced exhausted KLRG1 population in
samples. T-bet and Eomes were proved by previous study (Buggert et al., 2014)[67] to be highly
associated with HIV infected exhaustion phenotype in a reciprocal pattern: chronic HIV infection
reduces T-bet expression, and up-regulates Eomes. Thus, HIV-infected CD8+ T cell populations
expressing dim T-bet and high Eomes functioned poorly (Buggert et al., 2014)[67]. Thus, the
ratio of T-bet(dim) Eomes(high) population in CD8+ T cells co-expressing KLRG1 and TIGIT
was analyzed. As expected, the percentages of cells showing T-bet(dim) and Eomes(high) were

much higher in HIV infected PBMCs (low VL: 22.4%, and high VL: 23.3%), comparing to that of
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healthy donors (6.0%). Also, it is clear that in HIV infected groups, much higher percentages of
T-bet(dim)Eomes(high) populations were observed in KLRG1+TIGIT+ (potentially exhausted)
compared to that of KLRG1-TIGIT- populations. Therefore, a novel exhausted CD8+ T cell
population with KLRG1+TIGIT+ T-bet(dim)Eomes(high) gene signature was identified in chronic

HIV infected PBMCs.

Graph 2.2.2.3: Box plot showing KLRG1+TIGIT+T-bet(dim)Eomes(hi) CD8 T cell population is
significantly increased from healthy donors to HIV-infected donors. KLRG1-TIGIT- and
KLRG1+TIGIT+ population was extracted from graph 2.2.2.2. The percentages of T-
bet(dim)Eomes(hi) in samples were analyzed and drawn. Mean + SD, *p < 0.05, ***p < 0.001,
ns: not significant, student’s t test.
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To unravel the relationship between KLRG1 and T cell exhaustion, we wanted to
determine whether blocking KLRG1 in HIV-specific CD8+ T cells could restore T cell functions.
PBMC samples from HIV-infected patients were first stimulated with HIV Gag/Nef peptides pool,
and then treated with KLRG1 blocking or isotype antibodies. In the end, percentages of IFN-
gamma and TNFalpha expressing cells were measured to determine whether blocking KLRG1
restores HIV-specific T cell function. It turned out that incubation with KLRG1 blocking antibody
resulted in a significant increase in the percentages of IFN-gamma expressing cells (from 0.21%
to 2.65%, and from 1.64% to 2.58%, respectively). Same thing in TNFalpha expressing HIV-

specific T cells: the percentages elevated from 0.26% to 1.31%, and from 0.8% to 1.38%.
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Further statistical analysis from eight HIV-infected donor PBMCs showed that KLRG1 blockade

significantly restored cytokine responses.

Graph 2.2.2.4: Flow cytometry data and line chart showing blocking KLRG1 restores T cell
function. Chronically HIV-infected individuals PBMC samples were stimulated with HIV Gag/Nef
peptide pool with the treatment of isotype, and KLRG1 blocking antibodies. Flow was done to
evaluate IFN-gamma responses in two HIV-infected patient samples (PID 233 and 208). PBMC
with no HIV-1 Gag stimulation with an isotype control was shown here as a negative control.
PMA and ionomycin treatment were shown here as a positive control. The percentages of IFN-
gamma positive CD8 T cells(n=8) were collected and shown as line charts. Wilcoxon matched-
pairs signed ranked test was used to calculate p values.
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2.2.3 Other Immune Response Genes Associated with T cell Exhaustion

Apart from KLRGH1, there are other immune response genes differentially expressed in
high viral load donor samples. Up-regulated genes included COMMDG6, SH2D1A, COTLA1,

CMC1, TRAPPC1. Among these genes, COMMDS6 is an NF-kB-inhibiting protein, and SH2D1A
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encodes SLAM-associated protein (SAP), which is a signaling inhibitor (Wu et al., 2001)[68]. It
is proposed in literature (Wu et al., 2001)[68] that SAP plays an important role in antiviral
immune response, and T cell differentiation signaling. One thing worth noticing is that, CD8-Tex
cells showed up-regulation in cytoskeletal functional genes (TMSB4X, PFN1, ACTG1, COTLA1,
ARPC1B), in genes involved with energy metabolism (CMC1), and in vesicle transportation
genes (TRAPPC1). Down-regulated genes, on the other hand, include genes like IRF1, ITGB1,
GZMB, PRF1, and GNLY. Among these genes, IRF1 is the IFN-responsive transcription factor,
whose down regulation is consistent with suppression if immune signaling induced by HIV (Day
et al., 2006; Maine et al., 2007)[33, 69]. Moreover, GZMB encodes for the cytotoxic T cell
effector molecules granzyme B, PRF1 encodes perforin 1, and GNLY encodes granulysin.
These novel differentially expressed genes suggests a possible reduction in effector function

phenotypes in CD8-Tex cells compared with normal CD8-Tem cells.
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Graph 2.2.3: Violin plots of one HIV-infected donor (ID_717) dataset showing differentially
expressed genes (including both up and down regulated) comparing CD8-Tem and CD8-Tex
populations. Genes were arranged by their associated functions indicated above each panel.
Cell types were indicated by color below plots. Each dot represents a cell, and the shape of the
violin indicates expression distribution within the cluster.

cytotoxic genes
GZMB PRF1 GNLY

immune genes
COMMDSE IRF1

signal transduction genes
SH2D1A ITGB1

ihd B E:

cytoskeleton arrangement genes
COTL1 ARPC1B

energy metabolism vesicle transportation

. TRAPPC1
ET BLY

' CD8-Tem CD8-Tex
High viral load (>100K) ID_717

2.3 B and NK cell Dysfunction Induced by HIV Infection

To further compare the gene expression patterns of healthy donor samples and high
viral load patient samples, integration analysis of two healthy datasets and three high VL
datasets were integrated.

As it is well known, HIV infection hyperactive B cells, and paradoxically suppresses the
antibody response at the same time (Le Saout et al., 2014)[70]. It is found in previous sections
that B cells had an increased percentage in high viral load HIV-infected samples, compared to
healthy control samples (22.1%, 26.9%, 33.7%, versus 8.7%, and 15.1%). However, it is

observed in integrated analysis that, expression of IGKC, IGLC2, IGHM, IGLC3, IGHD, IGHG1,
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FCER2, and JCHAIN was drastically down-regulated in high VL patients. Along with these
immunoglobulin genes, the naive B cell marker gene TCL1A and the activated B cell marker
gene CD27 were also hugely down regulated. On the other hand, the B cell inhibitory receptor
gene LILRB1 was up regulated.

NK cell’s role in antiviral response to HIV-1 has been gradually revealed in recent study
(Scully and Alter, 2016)[71]. It is revealed in our analysis that, the expression of several NK
receptor genes was changed by HIV infection (high viral load). As proposed in literature, these
activating and inhibitory receptors control cytokine secretion and cytotoxic functions (Vivier et
al., 2008)[72]. Activating receptor genes SLAMF7, CD2, and CD84 were up regulated, while the
expression of CD160, NCR3, and CD69 were supressed. Also, inhibitory receptor genes
LILRB1, LAGS3, and TIGIT were up regulated, but KLRB1, LAIR2, and SIGLEC7 were down
regulated. Other than activating and inhibitory receptor genes, NK cell activation marker gene
BIRC3, TNF, and IFNG (Costanzo et al., 2018)[42] were observed to have increased expression
in high HL patient samples, compared to healthy control samples. Although NK cells play a
positive role in antiviral response, their functions are impaired by chronic HIV infection (Scully
and Alter, 2016)[71]. Consistent with this literature finding, genes involved in encoding cytokine
signaling proteins (e.g. IL12RB, and IL18RAP) were found to be down regulated.

Our integration analysis indicates a possible impaired NK cell response in chronic HIV

infection.
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Graph 2.3: Dot plot demonstrating some of the differentially expressed genes in integrated
analysis of healthy and high VL donors. Only six of the major cell types were included. The color
intensity indicates expression level, while the size of the dot indicates percentage of cells
expressing specific genes.
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Chapter 3: Materials and Methods

3.1 Cell Ranger

Cell Ranger is a set of terminal scripts that devised by 10X Genomics to process single-
cell RNA sequencing outputs. The analysis pipelines in Cell Ranger perform primary analysis
including alignments, feature-barcode matrices generation, clustering, and primary gene
expression analysis. In this project, only cellranger count and cellranger aggr from cell ranger
pipeline are used.

Cellranger count takes in fastq files, and performs alignment, filtering, barcode and UMI
counting, and outputs three matrices files for secondary analysis. The single-cell RNA
sequencing dataset in this project was mapped against human hg19 and GRCh38 reference
genome using cellranger count.

The function of cellranger aggr is simply to aggregate output results from multiple runs of
cellranger count. Data resulting from different runs usually have various sequencing depth. It is
important to use cellranger aggr to normalize all the runs to the same sequencing depth, and
then recompute feature-barcode matrices on the aggregated dataset. All the fastqgs from one
single run were cellranger counted together first. All the samples that have multiple runs were
then aggregated using cellranger aggr. The resulted feature-barcode matrices were used in

downstream analysis.

3.2 Seurat scRNA Clustering

Sparse matrices from Cell Ranger pipeline were imported per sample into R package
Seurat (v.2.2.0). All the steps mentioned below were performed on each healthy donor and HIV-
Infected patient scRNA dataset. First of all, a seurat object is created from the imported
matrices, with a number of genes greater or equal to 200 as a minimum cutoff. Before the actual

clustering, pre-processing is required for all the datasets.
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Firstly, quality control visualizations are used to facilitate cell filtering process. Datasets
are filtered based on the violin plots featuring number of genes, UMI counts, and percentage of
mitochondrial RNA content. Cells were filtered out if they have nGenes too high or too low, or if
they have high expression level of percent.mito. A lower-than-threshold gene counts indicates a
badly sequenced cell; a higher-than-threshold gene counts, on the other hand, indicates a

possible doublet cell. A high percent.mito indicates a cell undergoing apoptosis or lysis.

Graph 3.2: Violin plot showing QC metrics for one of the HIV-infected donor datasets.
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Then, using the Seurat function NormalizeData(), the datasets are each normalized
using log normalization method with a scale factor of 10000. LogNormalization normalizes
feature counts of each cell by diving each feature count (gene count) by the total counts for that
cell, and then multiply it by the scale factor defined.

After normalization, Seurat has a function FindVariableGenes to detect highly variable
genes to focus for downstream analysis. Finding variable genes helps controlling the
relationship between gene variability and average expression. This function put genes into bins
based on calculated average expression and dispersion, and then calculates a z-score for each
bin. Although the parameters x.high.cutoff and y.high.cutoff should be adjusted, the dispersion
plots of our datasets usually already have these parameters somewhat marking visual outliers,
so default parameters from the Seurat Clustering Tutorial are used.

As suggested in the tutorial, the datasets were then scaled to regress out unwanted
sources of variation, and batch effects and so on.

After the pre-process pipeline, PCA (principal component analysis) was performed on
the scaled data as a linear dimensional reduction method. All the variable genes in previous
steps were used as input. Principal component heatmap of first 12 to 15 PC’s and
JackStrawPlot were used as PC visualizations to facilitate determining significant principal
components for each dataset. PC’s that are distinctively separated in PC heatmap and are
having solid line above dashed line (indicating a strong enrichment of low p-valued genes) in

JackStrawPlot were chosen.
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Graph 3.2.2: Heatmap showing first 12 PCs of linear dimensional reduction, with cells = 500, for
one of the HIV-infected donor datasets.
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Graph 3.2.3: JackStrawPlot visualizing the distribution of p values for first 12 PCs for one of the
HIV-infected donor datasets.
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Finally, after all these steps, the datasets were clustered using Seurat function
FindClusters(). K-nearest neighbors algorithm was used as the cluster learning method, and
Louvain algorithm was used as the modularity optimization method. The resolution parameter in
function FindClusters() are used to adjust number of clusters expected. Changing resolution
does not lead to the difference in cell distribution in further visualization steps. The number of
dimensions used in FindClusters() were the same as number of PC’s in previous step.

Seurat uses tSNE (t-distributed stochastic neighbor embedding) as the cluster
visualization method in v.2.2.0. Same number of PC’s are used as in cluster finding as

suggested.
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3.3 Seurat scRNA DEG Analysis

After reasonable number of clusters obtained, the next step was to find differentially
expresssed genes in each clusters to define cell types using cluster biomarkers, and to find
novel differentially expressed genes across cell types, and across healthy donors and HIV-
Infected patient samples. All the steps mentioned below were performed on each healthy donor
and HIV-Infected patient scRNA dataset. Seurat FindAlIMarkers function was performed for
each dataset with default parameters (min.pct = 0.25, and thresh.use = 0.25). This function
identifies positive and negative markers for each cluster in a dataset compared to all other cells.

Seurat provides various ways of gene expression visualization. In this project, different
visualization methods are used for different purposes. Violin plot and feature plot were
particularly useful in defining cluster cell types and subtypes with established biomarkers.

Heatmaps were mainly used to find novel differentially expressed genes in each cluster.

3.4 Seurat scRNA T Cell Population Zoom In

In order to further identify signiature genes in various T cell subtypes, T cell clusters
were selected using the SubsetData function in supplementary vignettes. All the steps
mentioned below were performed on each healthy donor and HIV-Infected patient scRNA
dataset. Additional rounds of pre-processing, clustering, and DEG analysis was done on each T
cell subset as described in 3.1, 3.2, and 3.3.

Thus, T cell subtypes were identified using specific biomarkers in these subsets. Among
all the T cell subtypes, exhausted CD8+ T cells and effector memory CD8+ T cells from three
high viral loads patient sample were separately analyzed. Also, up and down regulated
differentially expressed genes for each T cell subtype were discovered using the zoom in

method.
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3.5 Seurat Multiple Dataset Integration Analysis

Seurat v.2.2.0 and v.3.2.0 integration analysis pipeline were used to integrate samples.
Three high viral load samples, three low viral load samples, and two healthy donor samples are
integrated first. Then, healthy donors and high viral load samples, healthy donors and low viral
load samples, and high viral load and low viral load samples were integrated. All the six
integration analysis were performed using the following pipelines.

The seurat objects for each sample was normalized using NormalizeData(). Variable
genes were found using FindVariableFeatures(). These two steps were the same as in 3.2.
Then integration process was performed with functions FindIntegrationAnchors(), and
IntegrateData(). After the datasets were merged, functions ScaleData(), RunPCA(), RunTSNE(),
FindNeighbors(), and FindClusters() were applied to the integrated dataset as the standard
workflow for clustering and visualization, similar to 3.2. tSNE (t-distributed stochastic neighbor

embedding) was used as the visualization method, so as to be consistent with previous steps.

3.6 Monocle Pseudotime Trajectories Analysis

Monocle 3 was used as a wrapper package to import processed seurat data metrices of
T cell clusters using importCDS function. Size factors and dispersions were pre-calculated using
function estimateSizeFactors() and estimateDispersions() to help normalize and perform DEG
analysis. The preprocessCDS() function was used to normalize and pre-process the dataset,
with parameter num_dim = 10. Cell types were consistent as defined in Seurat. The function
reduceDimension() with reduction method UMAP was used to perform dimensionality reduction
on the dataset. Then the cells were partitioned to facilitate future trajectory recognition using
partitionCells(). The trajectory was then learned using learnGraph(), with RGE_method set to be
simplePPT. In the end, the trajectory was visualized using tSNE, with the root of the pseudotime

trajectory set to be CD8+ T effector memory cells.
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Chapter 4: Discussion and Future Perspective

In our study, we utilized single-cell RNA sequencing technology to analyze the atlas of
immune cell exhaustion in HIV-infected individuals. As a result, this project successfully
identified significant and common cell type population changes in all HIV-infected samples, and
proposed possible function changes of CD4+, CD8+ T cells, B cells, and NK cells based on
previous findings. Most significantly, exhaustion markers CD160 and TIGIT, along with our
newly identified marker KLRG1 were found highly expressed in exhausted CD8+ T cell
populations. Further experiment showed that KLRG1 and TIGIT co-expression discerns new
exhausted population, and KLRG1 blockade effectively restores the function of CD8+ T cells,
thus suggesting KLRG1 has the potential to be a novel target for immunotherapy for HIV
infection. All in all, this project demonstrates how new high throughput sequencing technologies
like single-cell RNA sequencing can be utilized to study the gene expression profile under the
influence of diseases and viruses like HIV infection. scRNA enables us to characterize rare cell
types and zoom in on them to study what is going on in these clusters. Further research on what
we learned from bioinformatics analysis provides us with novel target for new cure therapies.

The immune cell atlas revealed by this project and previous literatures (Khaitan and
Unutmaz, 2011)[73] together provide a clearer picture of HIV-induced immune deficiency on
gene expression level. Although HIV infection and replication leads to chronic proinflammatory
signaling , and thus activates the immune system, the depletion of CD4+ T cells results in
effector function reduction, and in the end impairs other cell types functions relying on CD4+ T
cells, like CD8+ T cells and B cells. Therefore, despite the fact that CD8+ T cells and B cells
were activated and expanded encountering HIV infection, these cells were unable to
differentiate into effector cells to fight back. Not to mention that T and B cell exhaustion

exacerbates the immune deficiency (Catalfamo et al., 2008; Le Saout et al., 2014), which makes
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things worse. In conclusion, this project shows the vital role of immune cell exhaustion and
chronic inflammation in the pathological process of HIV infection.

This project is currently being prepared for submission for publication of the material.
Shaobo Wang, Qiong Zhang, Hui Hui, Kriti Agrawal, Maile Ann Young Karris, and Tariq M.

Rana. The dissertation/thesis author was the author of this material.

40



References

[11A. Regev, S.A. Teichmann, E.S. Lander, I. Amit, C. Benoist, E. Birney, B. Bodenmiller, P.
Campbell, P. Carninci, M. Clatworthy, H. Clevers, B. Deplancke, |. Dunham, J. Eberwine, R.
Eils, W. Enard, A. Farmer, L. Fugger, B. Gottgens, N. Hacohen, M. Haniffa, M. Hemberg, S.
Kim, P. Klenerman, A. Kriegstein, E. Lein, S. Linnarsson, E. Lundberg, J. Lundeberg, P.
Majumder, J.C. Marioni, M. Merad, M. Mhlanga, M. Nawijn, M. Netea, G. Nolan, D. Pe'er, A.
Phillipakis, C.P. Ponting, S. Quake, W. Reik, O. Rozenblatt-Rosen, J. Sanes, R. Satija, T.N.
Schumacher, A. Shalek, E. Shapiro, P. Sharma, J.W. Shin, O. Stegle, M. Stratton, M.J.T.
Stubbington, F.J. Theis, M. Uhlen, A. van Oudenaarden, A. Wagner, F. Watt, J. Weissman, B.
Wold, R. Xavier, N. Yosef, P. Human Cell Atlas Meeting, The Human Cell Atlas, Elife 6 (2017).

[2] E.Z. Macosko, A. Basu, R. Satija, J. Nemesh, K. Shekhar, M. Goldman, I. Tirosh, A.R.
Bialas, N. Kamitaki, E.M. Martersteck, J.J. Trombetta, D.A. Weitz, J.R. Sanes, A.K. Shalek, A.
Regev, S.A. McCarroll, Highly Parallel Genome-wide Expression Profiling of Individual Cells
Using Nanoliter Droplets, Cell 161(5) (2015) 1202-1214.

[3]1S. Islam, A. Zeisel, S. Joost, G. La Manno, P. Zajac, M. Kasper, P. Lonnerberg, S.
Linnarsson, Quantitative single-cell RNA-seq with unique molecular identifiers, Nat Methods
11(2) (2014) 163-6.

[4] T. Hashimshony, F. Wagner, N. Sher, |. Yanai, CEL-Seq: single-cell RNA-Seq by multiplexed
linear amplification, Cell Rep 2(3) (2012) 666-73.

[5] D. Ramskold, S. Luo, Y.C. Wang, R. Li, Q. Deng, O.R. Faridani, G.A. Daniels, .
Khrebtukova, J.F. Loring, L.C. Laurent, G.P. Schroth, R. Sandberg, Full-length mRNA-Seq from
single-cell levels of RNA and individual circulating tumor cells, Nat Biotechnol 30(8) (2012) 777-
82.

[6] J. Eberwine, H. Yeh, K. Miyashiro, Y. Cao, S. Nair, R. Finnell, M. Zettel, P. Coleman,
Analysis of gene expression in single live neurons, Proc Natl Acad Sci U S A 89(7) (1992) 3010-
4,

[7]1 R.N. Van Gelder, M.E. von Zastrow, A. Yool, W.C. Dement, J.D. Barchas, J.H. Eberwine,
Amplified RNA synthesized from limited quantities of heterogeneous cDNA, Proc Natl Acad Sci
US A87(5) (1990) 1663-7.

[8] A.K. Shalek, R. Satija, J. Shuga, J.J. Trombetta, D. Gennert, D. Lu, P. Chen, R.S. Gertner,
J.T. Gaublomme, N. Yosef, S. Schwartz, B. Fowler, S. Weaver, J. Wang, X. Wang, R. Ding, R.
Raychowdhury, N. Friedman, N. Hacohen, H. Park, A.P. May, A. Regev, Single-cell RNA-seq

reveals dynamic paracrine control of cellular variation, Nature 510(7505) (2014) 363-9.

[9] B. Treutlein, D.G. Brownfield, A.R. Wu, N.F. Neff, G.L. Mantalas, F.H. Espinoza, T.J. Desai,
M.A. Krasnow, S.R. Quake, Reconstructing lineage hierarchies of the distal lung epithelium
using single-cell RNA-seq, Nature 509(7500) (2014) 371-5.

[10] A.K. Shalek, R. Satija, X. Adiconis, R.S. Gertner, J.T. Gaublomme, R. Raychowdhury, S.
Schwartz, N. Yosef, C. Malboeuf, D. Lu, J.J. Trombetta, D. Gennert, A. Gnirke, A. Goren, N.
Hacohen, J.Z. Levin, H. Park, A. Regev, Single-cell transcriptomics reveals bimodality in
expression and splicing in immune cells, Nature 498(7453) (2013) 236-40.

41



[11] S. Nichterwitz, G. Chen, J. Aguila Benitez, M. Yilmaz, H. Storvall, M. Cao, R. Sandberg, Q.
Deng, E. Hedlund, Laser capture microscopy coupled with Smart-seq2 for precise spatial
transcriptomic profiling, Nat Commun 7 (2016) 12139.

[12] E.R. Thomsen, J.K. Mich, Z. Yao, R.D. Hodge, A.M. Doyle, S. Jang, S.l. Shehata, A.M.
Nelson, N.V. Shapovalova, B.P. Levi, S. Ramanathan, Fixed single-cell transcriptomic
characterization of human radial glial diversity, Nat Methods 13(1) (2016) 87-93.

[13] D. Lovatt, B.K. Ruble, J. Lee, H. Dueck, T.K. Kim, S. Fisher, C. Francis, J.M. Spaethling,
J.A. Wolf, M.S. Grady, A.V. Ulyanova, S.B. Yeldell, J.C. Griepenburg, P.T. Buckley, J. Kim, J.Y.
Sul, I.J. Dmochowski, J. Eberwine, Transcriptome in vivo analysis (TIVA) of spatially defined
single cells in live tissue, Nat Methods 11(2) (2014) 190-6.

[14] E. Shapiro, T. Biezuner, S. Linnarsson, Single-cell sequencing-based technologies will
revolutionize whole-organism science, Nat Rev Genet 14(9) (2013) 618-30.

[15] S.A.0.P.T.b.B. German Advisory Committee Blood, Human Immunodeficiency Virus (HIV),
Transfus Med Hemother 43(3) (2016) 203-22.

[16] P.A. Luciw, S. Harada, AIDS 1998. Virology: overview, AIDS 12 Suppl A (1998) S1-3.

[17] F. Gao, E. Bailes, D.L. Robertson, Y. Chen, C.M. Rodenburg, S.F. Michael, L.B. Cummins,
L.O. Arthur, M. Peeters, G.M. Shaw, P.M. Sharp, B.H. Hahn, Origin of HIV-1 in the chimpanzee
Pan troglodytes troglodytes, Nature 397(6718) (1999) 436-41.

[18] P.M. Sharp, B.H. Hahn, Origins of HIV and the AIDS pandemic, Cold Spring Harb Perspect
Med 1(1) (2011) a006841.

[19] N.R. Faria, A. Rambaut, M.A. Suchard, G. Baele, T. Bedford, M.J. Ward, A.J. Tatem, J.D.
Sousa, N. Arinaminpathy, J. Pepin, D. Posada, M. Peeters, O.G. Pybus, P. Lemey, HIV
epidemiology. The early spread and epidemic ignition of HIV-1 in human populations, Science
346(6205) (2014) 56-61.

[20] T.W. Chun, J.S. Justement, D. Murray, C.W. Hallahan, J. Maenza, A.C. Collier, P.M. Sheth,
R. Kaul, M. Ostrowski, S. Moir, C. Kovacs, A.S. Fauci, Rebound of plasma viremia following
cessation of antiretroviral therapy despite profoundly low levels of HIV reservoir: implications for
eradication, AIDS 24(18) (2010) 2803-8.

[21] F.J. Palella, Jr., K.M. Delaney, A.C. Moorman, M.O. Loveless, J. Fuhrer, G.A. Satten, D.J.
Aschman, S.D. Holmberg, Declining morbidity and mortality among patients with advanced
human immunodeficiency virus infection. HIV Outpatient Study Investigators, N Engl J Med
338(13) (1998) 853-60.

[22] L. Cheng, J. Ma, J. Li, D. Li, G. Li, F. Li, Q. Zhang, H. Yu, F. Yasui, C. Ye, L.C. Tsao, Z. Hu,
L. Su, L. Zhang, Blocking type | interferon signaling enhances T cell recovery and reduces HIV-
1 reservoirs, J Clin Invest 127(1) (2017) 269-279.

[23] A. Haas, K. Zimmermann, A. Oxenius, Antigen-dependent and -independent mechanisms
of T and B cell hyperactivation during chronic HIV-1 infection, J Virol 85(23) (2011) 12102-13.

42



[24] R.B. Jones, L.C. Ndhlovu, J.D. Barbour, P.M. Sheth, A.R. Jha, B.R. Long, J.C. Wong, M.
Satkunarajah, M. Schweneker, J.M. Chapman, G. Gyenes, B. Vali, M.D. Hyrcza, F.Y. Yue, C.
Kovacs, A. Sassi, M. Loutfy, R. Halpenny, D. Persad, G. Spotts, F.M. Hecht, T.W. Chun, J.M.
McCune, R. Kaul, J.M. Rini, D.F. Nixon, M.A. Ostrowski, Tim-3 expression defines a novel
population of dysfunctional T cells with highly elevated frequencies in progressive HIV-1
infection, J Exp Med 205(12) (2008) 2763-79.

[25] M.M. Lederman, N.T. Funderburg, R.P. Sekaly, N.R. Klatt, P.W. Hunt, Residual immune
dysregulation syndrome in treated HIV infection, Adv Immunol 119 (2013) 51-83.

[26] A. Zhen, V. Rezek, C. Youn, B. Lam, N. Chang, J. Rick, M. Carrillo, H. Martin, S.
Kasparian, P. Syed, N. Rice, D.G. Brooks, S.G. Kitchen, Targeting type | interferon-mediated
activation restores immune function in chronic HIV infection, J Clin Invest 127(1) (2017) 260-
268.

[27] E.J. Wherry, T cell exhaustion, Nat Immunol 12(6) (2011) 492-9.

[28] E.J. Wherry, M. Kurachi, Molecular and cellular insights into T cell exhaustion, Nat Rev
Immunol 15(8) (2015) 486-99.

[29] H. Elsaesser, K. Sauer, D.G. Brooks, IL-21 is required to control chronic viral infection,
Science 324(5934) (2009) 1569-72.

[30] F. Porichis, D.S. Kwon, J. Zupkosky, D.P. Tighe, A. McMullen, M.A. Brockman, D.F. Pavlik,
M. Rodriguez-Garcia, F. Pereyra, G.J. Freeman, D.G. Kavanagh, D.E. Kaufmann,
Responsiveness of HIV-specific CD4 T cells to PD-1 blockade, Blood 118(4) (2011) 965-74.

[31] C. Wang, M. Singer, A.C. Anderson, Molecular Dissection of CD8(+) T-Cell Dysfunction,
Trends Immunol 38(8) (2017) 567-576.

[32] G.M. Chew, T. Fujita, G.M. Webb, B.J. Burwitz, H.L. Wu, J.S. Reed, K.B. Hammond, K.L.
Clayton, N. Ishii, M. Abdel-Mohsen, T. Liegler, B.I. Mitchell, F.M. Hecht, M. Ostrowski, C.M.
Shikuma, S.G. Hansen, M. Maurer, A.J. Korman, S.G. Deeks, J.B. Sacha, L.C. Ndhlovu, TIGIT
Marks Exhausted T Cells, Correlates with Disease Progression, and Serves as a Target for
Immune Restoration in HIV and SIV Infection, PLoS Pathog 12(1) (2016) e1005349.

[33] C.L. Day, D.E. Kaufmann, P. Kiepiela, J.A. Brown, E.S. Moodley, S. Reddy, E.W. Mackey,
J.D. Miller, A.J. Leslie, C. DePierres, Z. Mncube, J. Duraiswamy, B. Zhu, Q. Eichbaum, M.
Altfeld, E.J. Wherry, H.M. Coovadia, P.J. Goulder, P. Klenerman, R. Ahmed, G.J. Freeman,
B.D. Walker, PD-1 expression on HIV-specific T cells is associated with T-cell exhaustion and
disease progression, Nature 443(7109) (2006) 350-4.

[34] L. Trautmann, L. Janbazian, N. Chomont, E.A. Said, S. Gimmig, B. Bessette, M.R.
Boulassel, E. Delwart, H. Sepulveda, R.S. Balderas, J.P. Routy, E.K. Haddad, R.P. Sekaly,
Upregulation of PD-1 expression on HIV-specific CD8+ T cells leads to reversible immune
dysfunction, Nat Med 12(10) (2006) 1198-202.

[35] D.E. Kaufmann, D.G. Kavanagh, F. Pereyra, J.J. Zaunders, E.W. Mackey, T. Miura, S.

Palmer, M. Brockman, A. Rathod, A. Piechocka-Trocha, B. Baker, B. Zhu, S. Le Gall, M.T.
Waring, R. Ahern, K. Moss, A.D. Kelleher, J.M. Coffin, G.J. Freeman, E.S. Rosenberg, B.D.

43



Walker, Upregulation of CTLA-4 by HIV-specific CD4+ T cells correlates with disease
progression and defines a reversible immune dysfunction, Nat Immunol 8(11) (2007) 1246-54.

[36] Y. Peretz, Z. He, Y. Shi, B. Yassine-Diab, J.P. Goulet, R. Bordi, A. Filali-Mouhim, J.B.
Loubert, M. El-Far, F.P. Dupuy, M.R. Boulassel, C. Tremblay, J.P. Routy, N. Bernard, R.
Balderas, E.K. Haddad, R.P. Sekaly, CD160 and PD-1 co-expression on HIV-specific CD8 T
cells defines a subset with advanced dysfunction, PLoS Pathog 8(8) (2012) e1002840.

[37] C. Petrovas, J.P. Casazza, J.M. Brenchley, D.A. Price, E. Gostick, W.C. Adams, M.L.
Precopio, T. Schacker, M. Roederer, D.C. Douek, R.A. Koup, PD-1 is a regulator of virus-
specific CD8+ T cell survival in HIV infection, J Exp Med 203(10) (2006) 2281-92.

[38] R. Dyavar Shetty, V. Velu, K. Titanji, S.E. Bosinger, G.J. Freeman, G. Silvestri, R.R. Amara,
PD-1 blockade during chronic SIV infection reduces hyperimmune activation and microbial
translocation in rhesus macaques, J Clin Invest 122(5) (2012) 1712-6.

[39] V. Velu, K. Titanji, B. Zhu, S. Husain, A. Pladevega, L. Lai, T.H. Vanderford, L.
Chennareddi, G. Silvestri, G.J. Freeman, R. Ahmed, R.R. Amara, Enhancing SIV-specific
immunity in vivo by PD-1 blockade, Nature 458(7235) (2009) 206-10.

[40] B.E. Palmer, C.P. Neff, J. Lecureux, A. Ehler, M. Dsouza, L. Remling-Mulder, A.J. Korman,
A.P. Fontenot, R. Akkina, In vivo blockade of the PD-1 receptor suppresses HIV-1 viral loads
and improves CD4+ T cell levels in humanized mice, J Immunol 190(1) (2013) 211-9.

[41] A. Guihot, A.G. Marcelin, M.A. Massiani, A. Samri, C. Soulie, B. Autran, J.P. Spano, Drastic
decrease of the HIV reservoir in a patient treated with nivolumab for lung cancer, Ann Oncol
29(2) (2018) 517-518.

[42] M.C. Costanzo, D. Kim, M. Creegan, K.G. Lal, J.A. Ake, J.R. Currier, H. Streeck, M.L.
Robb, N.L. Michael, D.L. Bolton, N.J. Steers, M.A. Eller, Transcriptomic signatures of NK cells
suggest impaired responsiveness in HIV-1 infection and increased activity post-vaccination, Nat
Commun 9(1) (2018) 1212.

[43] D. Mavilio, G. Lombardo, J. Benjamin, D. Kim, D. Follman, E. Marcenaro, M.A. O'Shea, A.
Kinter, C. Kovacs, A. Moretta, A.S. Fauci, Characterization of CD56-/CD16+ natural killer (NK)
cells: a highly dysfunctional NK subset expanded in HIV-infected viremic individuals, Proc Natl
Acad Sci U S A 102(8) (2005) 2886-91.

[44] S. Moir, J. Ho, A. Malaspina, W. Wang, A.C. DiPoto, M.A. O'Shea, G. Roby, S. Kottilil, J.
Arthos, M.A. Proschan, T.W. Chun, A.S. Fauci, Evidence for HIV-associated B cell exhaustion
in a dysfunctional memory B cell compartment in HIV-infected viremic individuals, J Exp Med
205(8) (2008) 1797-805.

[45] V. Svensson, R. Vento-Tormo, S.A. Teichmann, Exponential scaling of single-cell RNA-seq
in the past decade, Nat Protoc 13(4) (2018) 599-604.

[46] A. Giladi, I. Amit, Single-Cell Genomics: A Stepping Stone for Future Immunology
Discoveries, Cell 172(1-2) (2018) 14-21.

[47] A. Wagner, A. Regev, N. Yosef, Revealing the vectors of cellular identity with single-cell
genomics, Nat Biotechnol 34(11) (2016) 1145-1160.

44



[48] E. Papalexi, R. Satija, Single-cell RNA sequencing to explore immune cell heterogeneity,
Nat Rev Immunol 18(1) (2018) 35-45.

[49] A.C. Villani, R. Satija, G. Reynolds, S. Sarkizova, K. Shekhar, J. Fletcher, M. Griesbeck, A.
Butler, S. Zheng, S. Lazo, L. Jardine, D. Dixon, E. Stephenson, E. Nilsson, I. Grundberg, D.
McDonald, A. Filby, W. Li, P.L. De Jager, O. Rozenblatt-Rosen, A.A. Lane, M. Haniffa, A.
Regev, N. Hacohen, Single-cell RNA-seq reveals new types of human blood dendritic cells,
monocytes, and progenitors, Science 356(6335) (2017).

[50] L.B. Cohn, I.T. da Silva, R. Valieris, A.S. Huang, J.C.C. Lorenzi, Y.Z. Cohen, J.A. Pai, A.L.
Butler, M. Caskey, M. Jankovic, M.C. Nussenzweig, Clonal CD4(+) T cells in the HIV-1 latent
reservoir display a distinct gene profile upon reactivation, Nat Med 24(5) (2018) 604-609.

[51] M. Golumbeanu, S. Cristinelli, S. Rato, M. Munoz, M. Cavassini, N. Beerenwinkel, A. Ciuffi,
Single-Cell RNA-Seq Reveals Transcriptional Heterogeneity in Latent and Reactivated HIV-
Infected Cells, Cell Rep 23(4) (2018) 942-950.

[52] F. Zanini, S.Y. Pu, E. Bekerman, S. Einav, S.R. Quake, Single-cell transcriptional dynamics
of flavivirus infection, Elife 7 (2018).

[53] M. Shnayder, A. Nachshon, B. Krishna, E. Poole, A. Boshkov, A. Binyamin, I. Maza, J.
Sinclair, M. Schwartz, N. Stern-Ginossar, Defining the Transcriptional Landscape during
Cytomegalovirus Latency with Single-Cell RNA Sequencing, mBio 9(2) (2018).

[54] A.B. Russell, C. Trapnell, J.D. Bloom, Extreme heterogeneity of influenza virus infection in
single cells, Elife 7 (2018).

[55] B. Bengsch, T. Ohtani, O. Khan, M. Setty, S. Manne, S. O'Brien, P.F. Gherardini, R.S.
Herati, A.C. Huang, K.M. Chang, E.W. Newell, N. Bovenschen, D. Pe'er, S.M. Albelda, E.J.
Wherry, Epigenomic-Guided Mass Cytometry Profiling Reveals Disease-Specific Features of
Exhausted CD8 T Cells, Immunity 48(5) (2018) 1029-1045 e5.

[56] D.R. Sen, J. Kaminski, R.A. Barnitz, M. Kurachi, U. Gerdemann, K.B. Yates, H.W. Tsao, J.
Godec, M.W. LaFleur, F.D. Brown, P. Tonnerre, R.T. Chung, D.C. Tully, T.M. Allen, N. Frahm,
G.M. Lauer, E.J. Wherry, N. Yosef, W.N. Haining, The epigenetic landscape of T cell
exhaustion, Science 354(6316) (2016) 1165-11609.

[57] J. Chen, F. Cheung, R. Shi, H. Zhou, W. Lu, C.H.I. Consortium, PBMC fixation and
processing for Chromium single-cell RNA sequencing, J Transl Med 16(1) (2018) 198.

[58] L. Gattinoni, E. Lugli, Y. Ji, Z. Pos, C.M. Paulos, M.F. Quigley, J.R. Almeida, E. Gostick, Z.
Yu, C. Carpenito, E. Wang, D.C. Douek, D.A. Price, C.H. June, F.M. Marincola, M. Roederer,
N.P. Restifo, A human memory T cell subset with stem cell-like properties, Nat Med 17(10)
(2011) 1290-7.

[59] B. Youngblood, J.S. Hale, H.T. Kissick, E. Ahn, X. Xu, A. Wieland, K. Araki, E.E. West, H.E.
Ghoneim, Y. Fan, P. Dogra, C.W. Davis, B.T. Konieczny, R. Antia, X. Cheng, R. Ahmed,
Effector CD8 T cells dedifferentiate into long-lived memory cells, Nature 552(7685) (2017) 404-
409.

45



[60] V.S. Patil, A. Madrigal, B.J. Schmiedel, J. Clarke, P. O'Rourke, A.D. de Silva, E. Harris, B.
Peters, G. Seumois, D. Weiskopf, A. Sette, P. Vijayanand, Precursors of human CD4(+)
cytotoxic T lymphocytes identified by single-cell transcriptome analysis, Sci Immunol 3(19)
(2018).

[61] J.A. Fraietta, K.A. Beckwith, P.R. Patel, M. Ruella, Z. Zheng, D.M. Barrett, S.F. Lacey, J.J.
Melenhorst, S.E. McGettigan, D.R. Cook, C. Zhang, J. Xu, P. Do, J. Hulitt, S.B. Kudchodkar,
A.P. Cogdill, S. Gill, D.L. Porter, J.A. Woyach, M. Long, A.J. Johnson, K. Maddocks, N.
Muthusamy, B.L. Levine, C.H. June, J.C. Byrd, M.V. Maus, Ibrutinib enhances chimeric antigen
receptor T-cell engraftment and efficacy in leukemia, Blood 127(9) (2016) 1117-27.

[62] I. Tirosh, B. Izar, S.M. Prakadan, M.H. Wadsworth, 2nd, D. Treacy, J.J. Trombetta, A.
Rotem, C. Rodman, C. Lian, G. Murphy, M. Fallahi-Sichani, K. Dutton-Regester, J.R. Lin, O.
Cohen, P. Shah, D. Lu, A.S. Genshaft, T.K. Hughes, C.G. Ziegler, S.W. Kazer, A. Gaillard, K.E.
Kolb, A.C. Villani, C.M. Johannessen, A.Y. Andreev, E.M. Van Allen, M. Bertagnolli, P.K.
Sorger, R.J. Sullivan, K.T. Flaherty, D.T. Frederick, J. Jane-Valbuena, C.H. Yoon, O.
Rozenblatt-Rosen, A.K. Shalek, A. Regev, L.A. Garraway, Dissecting the multicellular
ecosystem of metastatic melanoma by single-cell RNA-seq, Science 352(6282) (2016) 189-96.

[63] T. Yamamoto, D.A. Price, J.P. Casazza, G. Ferrari, M. Nason, P.K. Chattopadhyay, M.
Roederer, E. Gostick, P.D. Katsikis, D.C. Douek, R. Haubrich, C. Petrovas, R.A. Koup, Surface
expression patterns of negative regulatory molecules identify determinants of virus-specific
CD8+ T-cell exhaustion in HIV infection, Blood 117(18) (2011) 4805-15.

[64] C. Zheng, L. Zheng, J.K. Yoo, H. Guo, Y. Zhang, X. Guo, B. Kang, R. Hu, J.Y. Huang, Q.
Zhang, Z. Liu, M. Dong, X. Hu, W. Ouyang, J. Peng, Z. Zhang, Landscape of Infiltrating T Cells
in Liver Cancer Revealed by Single-Cell Sequencing, Cell 169(7) (2017) 1342-1356 e16.

[65] E.J. Wherry, S.J. Ha, S.M. Kaech, W.N. Haining, S. Sarkar, V. Kalia, S. Subramaniam, J.N.
Blattman, D.L. Barber, R. Ahmed, Molecular signature of CD8+ T cell exhaustion during chronic
viral infection, Immunity 27(4) (2007) 670-84.

[66] N.S. Joshi, W. Cui, A. Chandele, H.K. Lee, D.R. Urso, J. Hagman, L. Gapin, S.M. Kaech,
Inflammation directs memory precursor and short-lived effector CD8(+) T cell fates via the
graded expression of T-bet transcription factor, Immunity 27(2) (2007) 281-95.

[67] M. Buggert, J. Tauriainen, T. Yamamoto, J. Frederiksen, M.A. Ivarsson, J. Michaelsson, O.
Lund, B. Hejdeman, M. Jansson, A. Sonnerborg, R.A. Koup, M.R. Betts, A.C. Karlsson, T-bet
and Eomes are differentially linked to the exhausted phenotype of CD8+ T cells in HIV infection,
PLoS Pathog 10(7) (2014) e1004251.

[68] C. Wu, K.B. Nguyen, G.C. Pien, N. Wang, C. Gullo, D. Howie, M.R. Sosa, M.J. Edwards, P.
Borrow, A.R. Satoskar, A.H. Sharpe, C.A. Biron, C. Terhorst, SAP controls T cell responses to
virus and terminal differentiation of TH2 cells, Nat Immunol 2(5) (2001) 410-4.

[69] G.N. Maine, X. Mao, C.M. Komarck, E. Burstein, COMMD1 promotes the ubiquitination of
NF-kappaB subunits through a cullin-containing ubiquitin ligase, EMBO J 26(2) (2007) 436-47.

[70] C. Le Saout, R.B. Hasley, H. Imamichi, L. Tcheung, Z. Hu, M.A. Luckey, J.H. Park, S.K.
Durum, M. Smith, A.W. Rupert, M.C. Sneller, H.C. Lane, M. Catalfamo, Chronic exposure to

46



type-I IFN under lymphopenic conditions alters CD4 T cell homeostasis, PLoS Pathog 10(3)
(2014) e1003976.

[71] E. Scully, G. Alter, NK Cells in HIV Disease, Curr HIV/AIDS Rep 13(2) (2016) 85-94.

[72] E. Vivier, E. Tomasello, M. Baratin, T. Walzer, S. Ugolini, Functions of natural killer cells,
Nat Immunol 9(5) (2008) 503-10.

[73] A. Khaitan, D. Unutmaz, Revisiting immune exhaustion during HIV infection, Curr HIV/AIDS
Rep 8(1) (2011) 4-11.

47





