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Abstract

Purpose of review: The success of HIV-1 eradication strategies relies on in-depth
understanding HIV-1-infected cells. However, HIV-1-infected cells are extremely heterogeneous
and rare. Single-cell multi-omic approaches are required to resolve the heterogeneity and rarity of
HIV-1-infected cells.

Recent findings: Advancement in single-cell multi-omic approaches enabled HIV-1 reservoir
profiling across the epigenetic (ATAC-seq), transcriptional (RNA-seq), and protein levels (CITE-
seq). Using HIV-1 RNA as a surrogate, ECCITEseq identified enrichment of HIV-1-infected cells
in clonally expanded cytotoxic CD4+ T cells. Using HIV-1 DNA PCR-activated microfluidic
sorting, FIND-seq captured the bulk transcriptome of HIV-1 DNA+ cells. Using targeted HIV-1
DNA amplification, PheP-seq identified surface protein expression of intact versus defective
HIV-1-infected cells. Using ATAC-seq to identify HIV-1 DNA, ASAP-seq captured transcription
factor activity and surface protein expression of HIV-1 DNA+ cells. Combining mapping HIV-1
DNA by ATAC-seq and HIV-1 RNA mapping by RNA-seq, DOGMAseq captured the epigenetic,
transcriptional, and surface protein expression of latent and transcriptionally active HIV-1-infected
cells. To identify reproducible biological insights and authentic HIV-1-infected cells and avoid
false-positive discovery of artifacts, we reviewed current practices of single-cell multi-omic
experimental design and bioinformatic analysis.

Summary: Single-cell multi-omic approaches may identify innovative mechanisms of HIV-1
persistence, nominate therapeutic strategies, and accelerate discoveries.
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Introduction

Despite suppressive antiretroviral therapy (ART), HIV-1 integrates into the chromosome
of the latent reservoir, primarily CD4+ T cells [1-3] and persists lifelong [4, 5]. Single-
genome HIV-1 proviral genome profiling [6], in the past decade [7-12], provided in-depth
understanding of the intact and defective HIV-1 genome landscape in the reservoir and
immune selection pressure on HIV-1-infected cells [13]. However, the development of
successful HIV-1 cure strategies relies on targeting cellular markers that are specifically
expressed in HIV-1-infected cells without damaging uninfected cells. Thus, the field has
moved forward to understanding the cellular environment of HIV-1 infected cells beyond
HIV-1 genome profiling.

Understanding HIV-1-infected cells is extremely challenging.

First, HIV-1-infected cells are extremely rare: only ~1/10% CD4+ T cells harbor infectious
HIV-1[2, 3, 14], while ~186-879/106 CD4+ T cells are HIV-1-infected [15, 16] but

harbor mainly defective HIV-1 [6]. Second, during latency, HIV-1-infected cells are
transcriptionally silent and thus cannot be distinguished from uninfected cells. Using

HIV-1 RNA [17] or Env protein expression [18] as a surrogate, HIV-1-infected cells

can be captured for transcriptome profiling. However, these methods require exogenous
stimulation ex vivo and the cellular states captured no longer reflect the /in vivo state.

Third, no cellular markers can specifically distinguish the rare HI\V-1-infected cells from
uninfected cells. While HIV-1-infected cells are enriched in some subpopulations of CD4+
T cells, involving T cell activation (HLA-DR [19]), exhaustion (such as PD-1, TIGIT,
LAG-3 [20, 21]), migration (such as integrin a4p1 (VLA-4) or integrin 1 (CD49d)[22,
23]) and differentiation into central memory [24], effector memory [7], Th1 [11], cytotoxic
T cells [25, 26], T follicular helper (TFH) cells [27], and survival (such as BIRCS5 [28]

and Bcl-2 [29]), these markers are not specific enough as therapeutic targets. Fourth, HIV-1-
infected cells are highly heterogeneous, reflecting the diverse differentiation, polarization,
and exhaustion states of CD4+ T cells [30]. Fifth, the persistence of HIV-1-infected

cells is a dynamic process and involves multiple cell survival, proliferation, and immune
evasion mechanisms that remain elusive. HIV-1-infected cells not only persist but proliferate
over time[31-35]. Upon reactivation, HIV-1-infected cells should presumably die of viral
cytopathic effects or immune clearance. However, some HIV-1-infected cells may not die of
viral cytopathic effect upon reactivation [36] and may resist immune clearance [29]. Finally,
transcriptome-based profiling of HIV-1-infected cells is extremely challenging. CD4+ T
cells have low RNA content, compared with other cell types frequently used for single-cell
profiling, such as cancer, neuron, and embryo. Thus, technology advancements are urgently
needed to understand mechanisms of HIV-1 persistence in both latent and transcriptionally
active states, identify the rare HIV-1-infected cells, resolve the heterogeneity of HIV-1-
infected cells, and nominate cellular markers that can distinguish HIV-1-infected cells from
uninfected cells for therapeutic interventions.
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Understanding the diverse epigenetic regulators and immune programs of the
heterogeneous CD4+ T cells

Bulk RNA-seq captures the 99.9% of uninfected cells and does not reflect
the rare HIV-1-inected cells.—Given the heterogeneity, rarity, and the lack of

selection markers for HIV-1-infected cells, investigating the cellular environment of HIV-1-
infected cells requires single-cell profiling. Bulk RNA-seq, for example, captures cellular
environment of the 99.9% of uninfected cells and thus is irrelevant to our understanding of
HIV-1-infected cells. The advancement of single-cell transcriptomic profiling captures the
heterogeneous immune cell phenotypes and identifies rare cells of interest [37].

The heterogeneous T cell phenotype is defined by master transcription
factors and immune effector gene expression.—The heterogeneous polarization,
differentiation, proliferation, and migration states of CD4+ T cells, and the decision between
plasticity and fate commitment, is determined by antigen stimulation (including T cell
receptor (TCR) signaling strength and costimulatory molecules) and cytokine cues at the
local environment where priming occurs [38]. These signals trigger the expression of master
transcription factors (such as Thbet for Thl, GATA3 for Th2, RORyt for Th17, FOXP3 for
Treg, and Bcl-6 for TFH), which dictate the cellular transcriptional program by binding to
the promoter of genes involving polarization, differentiation, effector function, migration,
and survival. These transcription factors regulate gene expression and thus dictate the
phenotype of the cell, as characterized by transcriptome signatures or protein expression
(such as IFN+y expression for Thl, IL-4 expression for Th2, IL-17 for Th17, TGF-p for
Treg, and IL-21 for TFH). Understanding the cellular environment at all three aspects of the
central dogma of molecular biology — epigenetic regulation by transcription factors at the
DNA level, the transcriptional landscape at the RNA level, and protein expression — provides
key insights for mechanisms of HIV-1 persistence and a genome-wide search for therapeutic
targets.

Tracking the unique T cell receptor (TCR) sequence identifies the temporal-
spatial dynamics of CD4+ T cells.—Antigen specificity in T cells is determined by the
hypervariable loops (CDRS3 region) of the T cell receptor a and p chains which form the
center of the antigen-binding site. T cell diversity is determined by the D and J gene segment
rearrangement at the CDR3 region, unlike somatic hypermutation in the V region in B cells.
Given the diversity of T cell repertoire, different T cells having the same TCR sequence
originate from the proliferation of the same mother cell. A T cell clone, i.e. different T

cells having the same TCR sequence, respond to the same cognate antigen. T cell clone
size, i.e. many cells (large T cell clone) versus few cells (small T cell clone) having the
same TCR sequence, reflect /n vivo proliferation of the T cell clone. By tracking different T
cells having the same TCR at different time (temporal dynamics) or at different anatomical
locations (spatial dynamics), the temporal-spatial T cell clonal expansion dynamics /n7 vivo
can be delineated [39].
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At the epigenetic level, assay for transposase-accessible chromatin with sequencing (ATAC-
seq)[40] captures the epigenome by identifying genes having increased accessibility and the
transcription factors that bind to cis-regulatory elements (such as promoters) that regulate
respective gene expression. Briefly, Tn5 transposase binds to open chromatin regions. By
sequencing DNA sequences accessible to Tn5, ATAC-seq identifies genes having increased
accessibility and transcription factor binding footprints (transcription factor activity) [41, 42]
(Figure 1).

At the transcriptome level, RNA-seq captures genome-wide non-targeted snapshot of the
transcriptional program in each cell [37]. TCR sequence, which defines T cell clonality, can
be captured by RNA-seq by targeted amplification [43, 44].

At the protein level, cellular indexing of transcriptomes and epitopes (CITE-seq)[45] and
RNA expression and protein sequencing assay (REAP-seq)[46] capture cellular surface
protein expression in addition to RNA-seq by staining cells with antibodies tagged with
DNA barcodes. Unlike flow cytometry or CyTOF antibodies which can only examine

up to ~40 surface proteins because of fluorophore spectrum overlaps or the number of

metal isotopes, CITE-seq can profile >100 surface protein expression at the same time,

as long as an appropriate antibody is available. While the surface protein expression can

be profiled by DNA-tagged antibodies, profiling intracellular proteins remains challenging.
While HIV-1-infected cells producing HIV-1 proteins can be identified by flow cytometry-
based approaches such as HIV-Flow [22, 47], coupling HIV-1 intracellular protein detection
to intracellular protein expression, surface protein expression, transcriptome, and epigenome
at the single-cell level remains lacking. Further technology advancement, such as single-cell
detection of intracellular proteins by INs-seq [48] or single-cell proteomics [49] that can
reach the throughput of hundreds of thousands of cells and specificity for HI\V-1 Gag or Env
detection (both of which can be nonspecific), may further advance our understanding of the
protein expression of HIV-1-infected cells.

Single-cell multi-omic profiling provides unprecedented understanding of cell
states across the central dogma of molecular biology.—By combining two
modalities such as T-ATAC-seq (ATAC-seq and RNA-seq [50]) and ASAP-seq (ATAC-seq
and CITE-seq)[51]) or three modalities — TEA-seq [52] and DOGMA-seq [51] (ATAC-seq,
RNA-seq, and CITE-seq), ECCITE-seq [44] (RNA-seq, CITE-seq, and TCR sequencing) in
the same single cells, the epigenetic regulation, transcriptional landscape, protein expression,
and T cell clonal expansion dynamics can be captured in the same single cells. Given
comparable results of single-cell profiling between fresh and cryopreserved samples [53,
541, single-cell multi-omic profiling provides feasibility, scalability, and flexibility for
clinical studies.

Identifying transcriptionally active HIV-1-infected cells upon ex vivo stimulation

Given the rarity of HIV-1-infected cells, the most effective way to profile HIV-1 reservoir
would be to isolate the rare HIV-1-infected cells from the 99.9% of uninfected cells.
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However, because there are no cellular markers that can distinguish HIV-1-infected cells
from uninfected cells, identifying HIV-1-infected cells requires ex vivo stimulation to
induce HIV-1 RNA or protein expression as a surrogate. While HIV-1-infected cells can
be identified by HIV-1 RNA (by Flow-FISH) or viral protein staining (such as intracellular
staining of HIV-1 p24), RNA is degraded upon formaldehyde fixation or high temperature
(such as PCR). Thus, these orthogonal methods are not compatible with single-cell RNA-
seq. The single-cell transcriptome of HIV-1-infected cells were first captured using flow
cytometric sorting of HIV-1 RNA+ cells (HIV-1 SortSeq by our group, using 192 HIV-1-
targeting probes for a fluorescent in situ hybridization (FISH), after 16 hours of PMA/
ionomycin stimulation [17]) or HIV-1 Env+ cells (LURE by the Nussenzweig group, using
antibody against HIV-1 Env for magnetic enrichment, 40 hours of PHA stimulation [18]).
However, ex vivo activation cannot capture the 7 vivo state of latent and transcriptionally
active HIV-1-infected cells. Nevertheless, both studies found that HIV-1-infected cells are
highly heterogeneous.

Identifying transcriptionally active HIV-1-infected cells without ex vivo stimulation

To profile the /n vivo state of HIV-1-infected cells, total CD4+ T cells were profiled

by single-cell multi-omics, and HIV-1-infected cells were identified by bioinformatically
mapping transcriptome to HIV-1 genome. Jack Collora in our group used ECCITE-seq

to capture HIV-1 RNA, transcriptome, surface protein expression, and TCR in the same
single cell [25]. We found that HIV-1-infected cells are larger in T cell clone size, stable
over time, and predominantly (75%) cytotoxic CD4+ T cells. By paired TCR sequencing,
we found that cytotoxic CD4+ T cells are the most clonally expanded cells /n vivo. The
high proliferative nature of cytotoxic CD4+ T cells promotes the clonal expansion of HIV-1-
infected cytotoxic CD4+ T cells. Of note, all cytotoxic immune effectors (such as cytotoxic
CDA4+ T cells, cytotoxic CD8+ T cells, and natural killer cells) express granzyme B inhibitor
Serpin B9 to prevent self-inflicted injury when lytic granules (such as granzyme B) fall
back to the cytotoxic immune effector themselves and induce cell death [55]. By residing

in cytotoxic CD4+ T cells, HIV-1 may survive cytotoxic CD8+ T cell killing because
HIV-1-infected cytotoxic CD4+ T cells express Serpin B9 that inhibit granzyme B killing.
In parallel, Nussenzweig group used TCR V{ antibodies to isolate CD4+ T clones known
to enrich for HIV-1-infected cells from HIV-1+ individuals and profiled these CD4+ T cell
clones by CITE-seq [26]. HIV-1 RNA+ cells were also identified by mapping transcriptome
to HIV-1 genome. They also found that the clonally expanded CD4+ T cell clones are also
enriched for cytotoxic CD4+ T cells. Overall, by single-cell profiling CD4+ T cells and
identifying HIV-1 RNA+ cells by mapping transcriptome to HIV-1 genome, both studies
found that HIV-1-infected cytotoxic CD4+ T cells are preferentially clonally expanded /in
vivo.

T cell clonality tracking identified enrichment of HIV-1 in cytotoxic CD4+ T cell clones

The clonal expansion of HIV-1-infected cells are typically examined by using unique HIV-1
integration sites in the human genome [34, 35] or by phylogenetic analysis of the highly
variable region of the HIV-1 genome, such as env, pol, or the near full-length HIV-1 genome
[31-33], or both [9, 36]. By tracking TCR clonality, i.e. identifying different CD4+ T cells
having the same TCR sequence, with paired single-cell transcriptome, we can identify the
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cell states of CD4+ T cell clones harboring HIV-1 RNA+ cells at different time points,

or before versus after antigen stimulation [25]. CD4+ T cell clones having the same TCR
sequences respond to the same antigen stimulation. Thus, the transcriptional landscape of
HIV-1+ CD4+ T cell clones reflects the cytokine and immune responses that drive the
proliferation of the respective CD4+ T cell clone and the HIV-1-infected cells within them.
Of note, depending on when HIV-1 infects the respective CD4+ T cell clone, only part (not
all) of the CD4+ T cell clones contain HIV-1-infected cells, unless HIV-1 infects the original
CDA4+ T cells before proliferation started [25, 26]. Overall, tracking TCR clonality within
single-cell multi-omics profiling provides a powerful tool for studying the clonal expansion
dynamics of HIV-1-infected cells.

Identifying the cellular landscape of latent HIV-1-infected cells

While using HIV-1 RNA as a surrogate identifies transcriptionally active HIV-1-infected
cells, the cellular state of latent HI\-1-infected cells (which do not express HIV-1 RNA)
remains unknown. HIV-1 latently infected cells would presumably appear indistinguishable
from uninfected cells. Distinguishing latent HIV-1-infected cells from uninfected cells is

a top priority for designing therapeutic strategies targeting the latent reservoir without
damaging the uninfected cells. Four recent paralleled studies attempted to tackle this major
challenge in the field.

FIND-seq.—Clark et al. in the Abate group and the Boritz group and designed a
PCR-activated sorting microfluidic machinery to sort out HIV-1 DNA+ cells for bulk
transcriptome profiling (FIND-seq)[56]. Briefly, Clark and Abate built a microfluidic device
to encapsulate CD4+ T cells with RT-PCR reagents in hydrogel compartments. HIV-1
DNA+ cells emit green fluorescence upon HIV-1 gag PCR amplification and are sorted

by a unique microfluidic device built in-house. While this study identified transcriptome
signatures for latently infected cells, the PCR reaction (with cycles of heat for denaturing
DNA templates) damages RNA quality, and transcriptome can only be obtained from pools
of 100 cells, not at the single cell level. Of note, these HIV-1 gag DNA+ cells are still likely
to be defective, as defective HIV-1 proviruses account for 88-98% of HIV-1 DNA+ cells [6,
12].

PheP-seq.—Sun et al. in the Lichterfeld group applied a commercially available platform
(Mission Bio) to profile near full-length HIV-1 DNA and surface protein expression at the
single cell level (PheP-seq)[57]. Briefly, cells were stained with DNA-tagged surface protein
antibodies and partitioned into single cells. HIV-1 DNA was amplified by 18 sets of primers
to reconstruct the near full-length HIV-1 proviral sequences. For individuals having known
HIV-1 integration sites, additional individual-specific integration site-specific primers were
added to the DNA amplification to capture the junction between the known integration site
and HIV-1. This study identified cellular surface protein signatures of presumably intact
versus defective HIV-1 proviruses.

ASAP-seq.—Wu et al. in the Betts group applied ASAP-seq to identify HIV-1 DNA and
host chromatin accessibility (by ATAC-seq), and surface protein expression [58]. Vahedi
group first proposed the concept of using transposase to identify cells harboring lentiviral
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DNA, using lentiviral transduced CAR-T cells as an example [59]. Briefly, ASAP-seq
captures both chromatin accessibility (by Tn5 transposase binding to the chromatin) and
surface protein expression (using DNA-tagged antibodies) at the same time. When Tn5
binds to HIV-1 DNA, these HIV-1 DNA+ cells can be bioinformatically identified. This
study identified host transcription factor activity (derived from chromatin accessibility) in
addition to surface protein expression of HIV-1 DNA+ cells [58]. Of note, the majority
of these HIV-1 DNA+ cells are also likely to be defective. Further, Tn5 cannot capture
HIV-1 proviruses integrated into low accessibility locations such as heterochromatin.
Nevertheless, as opposed to targeted protein capture, the addition of ATAC-seq extended
our understanding of HIV-1 latently infected cells from targeted surface profiling to the
genome-wide level.

DOGMA-seq.—These substantial advancements still cannot capture the single-cell
transcriptional landscape of latent HIV-1-infected cells. Yulong Wei in our group used
DOGMA-seq (ATAC-seq, RNA-seq, and surface protein expression) and identified the
single-cell epigenetic state, transcriptional program, and surface protein expression of latent
and transcriptionally active [60]. Briefly, by mapping Tn5 capture of HIV-1 DNA (by
ATAC-seq) and by mapping the transcriptome to HIV-1 RNA+ cells, we identified the
single-cell programs of HIV-1-infected cells. The paired information of HIV-1 DNA and
HIV-1 RNA identified latent (HI\V-1 DNA+ RNA-) versus transcriptionally active (HIV-1
RNA+) HIV-1-infected cells. We identified four distinct cellular states of HIV-1-infected
cells into cytotoxic CD4+ T cells (by transcription factor Eomes), activated cells (by
interferon response factors (IRF) transcription factors), migratory cells (by AP-1 (Jun/Fos)
transcription factors), and cell death. Overall, by advancing single-cell multi-omic profiling
to ATAC-seq, RNA-seq, and surface protein within the same single cells, we identified the
cellular state of latent and transcriptionally active HIV-1-infected cells across the central
dogma of molecular biology — from DNA, RNA, to proteins.

Considerations for single-cell multi-omic experimental design

Unlike genome-wide association studies (GWAS) and clinical trials that require large
numbers of study participants, single-cell multi-omic studies are typically small in sample
size. By using rigorous statistical (such as using adjusted P-values by Benjamini-Hochberg
procedures [61] to control for false discovery rate) and bioinformatic approaches (such

as batch effect correction), single-cell multi-omic profiling from relatively few number

of participants can generate biologically reproducible and meaningful insights. However,
biological replicates for at least three samples, both for /77 vitro models or clinical samples,
are required to reach biologically significant results, provide statistical rigor, and avoid

false discovery of individual differences. To increase sequence quality, dead cells should

be removed by magnetic-based depletion. Fc receptor blockade and isotype controls should
be used for surface protein staining. To reduce the cost, different samples can be labeled

by hashtag antibodies and pooled. The number of cells pooled should be gauged based on
doublet rate, cost, and the number of cells estimated to capture the rare HIV-1-infected cells.
Profiling uninfected cells (as opposed to using existing datasets) is a critical negative control
to ensure HIV-1 mapping does not lead to false positive calling of HIV-1-infected cells.
Finally, single-cell multi-omic results should be validated by orthogonal wet-lab experiments
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to cross-check whether genes identified provide biologically meaningful and reproducible
results.

Bioinformatic practices for single-cell multiomics in the context of HIV-1 research

Advanced bioinformatic analysis is essential for identifying reproducible and
biologically important gene expression, rather than making false-positive
discovery of signatures that are biologically misleading.—The unique strength
of single-cell epigenome (by ATAC-seq) and transcriptome (by RNA-seq) profiling is the
genome-wide understanding of individual cells which enables discovery of new cellular
factors enriched in HIV-1-infected cells, identification of mechanism of HIV-1 persistence,
and nomination of therapeutic targets. The caveat is that single-cell ATAC-seq and RNA-seq
results are sparse, capturing 25,000 — 50,000 reads per cell. While additional read depth

can be achieved, sequencing at 25,000 reads per cell typically reach saturation, indicating
that additional reads may not substantially increase additional information. ATAC-seq and
RNA-seq results thus require careful bioinformatic analysis beyond following so-called
“default” settings. Calling specific subsets of cells having unique overexpression of certain
genes or claiming the identification of new cell types requires rigorous steps, including
dead cell removal, doublet removal, batch effect correction, careful cell type annotation,
and the use of statistically rigorous methods to determine differentially expressed genes.
Single-cell RNA-seq datasets are sparse, frequently capturing the highly expressed genes
(such as housekeeping genes). These highly expressed genes may not reflect the unique cell
type and should be analyzed with caution.

Here we provide a non-exhaustive, entry-point, bioinformatics pre-processing guide for
single-cell multiomics analysis, from raw reads to count matrix, removal of low-quality
cells, doublets detection, data normalization, batch effect correction, cell clustering,
visualization, and annotation (Table 1), following best practice guides [62, 63] and
benchmarking studies [64—68] in the single-cell field.

Removal of doublets.—Droplets containing more than one cell (doublets or multiplets)
often have higher RNA read. While using the number of RNA reads per cell to remove
doublets is one way to remove doublets, it is not rigorous enough in the context of
identification of authentic HIV-1-infected cells. Such method is subjected to technical
sequencing variation and can vary by cell size [62]. Additional doublet removal methods
need to be applied, by identifying doublets containing mutually exclusive canonical
biomarkers [73], genotype (single nucleotide polymorphism, SNP) information from
different individuals [74, 75], chromosome diploidy (ATAC)[83], or different cell hashing
antibodies [74].

Normalization and batch effect correction (integration).—To ensure cellular
profiles are comparable between single cells, expression datasets need to be normalized
across cells to adjust for variance in sequencing depth [70]. However, normalization
(different cells within the same sample) does not correct for batch effects (technical noise
between experiments), which can mask true biological insights [79]. Batch effect correction
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methods, such as Harmony [76], fastMNN [77], or scVI [78], should be applied to examine
and remove batch effects.

Data visualization.—Single-cell RNA-seg-based profiling are high-dimensional — each
cell can have various (from none, to low, to high) levels of RNA expression of ~20,000
human genes. To gain biological insights, dimension reduction methods plot each cell on a
two-dimension state. Principal component analysis (PCA) plots depict cellular clusters based
on the top 2 principal components (highly variable genes), PCA1 versus PCA2. Yet, PCA
plots are not sufficient to capture the similarity versus differences between cells. To group
cell clusters that share biological similarities (eg. plotting CD4+ T cells together away from
myeloid cells), cells with similar cellular profiles are grouped (graph-based construction of
interconnected cell “communities” using K-nearest neighbor [89] followed by Louvain [90]
or Leiden [91] modularity optimization) and then visualized in two-dimensional space using
dimension-reduction graphical approaches such as UMAP [89], tSNE [92], or PHATE [93].

Cluster resolution.—The resolution of clusters, such as broad stroke separation between
CDA4+ T cells from CD8+ T cells versus granular separation of CD4+ T cells into

different differentiation and polarization phenotypes, requires careful determination based
on biological insight, not by an arbitrary default setting. For example, Clustering Trees [94]
can be used to test whether the number of clusters identified reached exhaustive nomination
of clusters to resolve biological heterogeneity.

Cell type annotation.—Reference mapping tools such as Azimuth [69] and scType [95]
are useful to identify major cell types. However, these reference mapping tools should not
be the only method used for cell type annotation. For CD4+ T cells, biological insight into
the expression of key transcription factors, cytokines, effector molecules, and surface protein
expression needs to be carefully examined (as gene expression violin plots or dot plots)
needs to be applied for each cluster.

Integration of multi-modal single-cell data can be achieved by Weighted Nearest Neighbors
(WNN) in Seurat v4 [69], a dictionary learning approach in Seurat v5 [86], or a sequential
integration approach in StabMap [88].

Biological insight is required for sanity check.—Data from different biological
replicates should be pooled and bioinformatically analyzed together and visualized on the
same dimension reduction plot. If different biological replicate forms distinct clusters, batch
effect is likely present. However, the presence of over-correction of batch effects, as shown
by having biologically distinct cell types (such as ex vivo activated CD4+ T cells versus
unstimulated CD4+ T cells) merged into the same cluster, indicates that different batch
effect correction methods should be used to avoid masking biological findings. Researchers
should constantly review cellular phenotype and bioinformatic threshold based on in-depth
understanding of immunology, rather than false reporting novel cell types.

Identifying authentic HIV-1-infected cells requires rigorous examinations

Mapping to reference genome.—Mapping HIV-1 DNA reads to ATAC-seq and HIV-1
RNA reads to RNA-seq datasets enables unbiased identification of HIV-1-infected cells
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regardless of the cell type, not only in blood but also in tissues, such as microglia in the
brain [96]. Yet, defining the rare HIV-1-infected cells has to be stringent and rigorous to
prevent false positive discovery of cell types as a result of sequencing artifacts. By mapping
ATAC-seq [58] or RNA-seq reads [25] to the HXB2 reference (for which the clinical and
mechanistic implications of HIV-1 mutations are annotated), the identification of HIV-1
RNA transcripts in single cells acts as a surrogate for transcriptionally active HIV-1-infected
cells [17, 25]. Increasing the breadth of reference genomes by mapping transcriptomic reads
to autologous HIV-1 sequences in addition to HXB2 further increases mapping rate by
approximately 20% and increases detection of spliced HIV-1 RNA [25]. HIV-1 transcripts
may also be mapped to reference sequences derived from the Los Alamos HIV Database
[97], with consideration for the relevant clade and tropism for the sample type and origin.

Sensitivity: the sparsity of HIV-1 reads per cell and the rarity of HIV-1-infected
cells in clinical samples.—In previous studies of HIV-1+ individuals under suppressive
ART, ~0.13% memory CD4+ T cells harbor HIV-1 DNA as captured by ATAC-seq [58] and
~0.02% CD4+ T cells harbor HIV-1 RNA as captured by RNA-seq [25]. Both HIV-1 DNA
and RNA sequences are sparse: the ~9,719 bp of HIV-1 provirus only account for 0.00016%
of the 6 x 10° bp of diploid human genome and may not be captured by Tn5 transposase

in ATAC-seq. Further, Tn5 binds to accessible regions and cannot capture HIV-1 integrated
into heterochromatin. Adding a transposase that can target heterochromatin, such as TnH3
in sScGET-seq [98] may potentially target HIV-1 integrated into heterochromatin. HIV-1
RNA reads in unstimulated cells are sparse and may reflect transcription of defective HIV-1
[13]. Drop-out of transcripts or stochasticity of expression should be considered [6]. Of
note, identification the short reads of HIV-1 DNA or RNA cannot infer genome intactness,
unless targeted DNA amplification [57] or long-read RNA sequencing [99] identifies all
genomic elements (both cis-regulatory element (such as y packaging signal) and protein
coding regions) to be intact, without hypermutation, internal deletion, or point mutations
[6]. Of note, the HIV-1 5 leader sequence and packaging signal contain secondary RNA
elements that are essential for HIV-1 replication competence, such as primer binding site
(PBS), dimerization initiation site (DIS), major splice donor (MSD), and packaging stem
loops [100, 101]. The definition of intactness of HIV-1 genome requires biological insights
into how mutations or deletions affect these cis-acting elements [6, 13].

Specificity: avoid false positive detection of HIV-1-infected cells.—Given the
rarity of HIV-1-infected cells and interest in analysis of such a small population, robust
validation of any reference sequence and HIV-1 mapping is imperative to minimize the
effects of false positives. First, HIV-1 genome identified should be validated by mapping
HIV-1 reads through NCBI Blastn [102] or HIV Blast [97] to exclude detection of human-
derived transcripts or laboratory contaminants. For example, as enlisted by Liu et al. [17],
some of HIV-1 sequences deposited in the public database contain human genome, which
may lead to false discovery of HIV-1-infected cells. Second, while HIV-1 integration sites
can sometimes be captured by identifying the junction of HI\V-1 DNA and human genome
[58] or the junction of HIV-1-host chimeric RNA through aberrant splicing [17], sequencing
artifacts have to be identified and removed. There cannot be any additional sequences
between the human genome and the HIV-1 genome, as these additional sequences are
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artifacts generated during the PCR amplification during library preparation, as described

by Sherrill-Mix et al. in the Bushman group [103]. HIV-1-host RNA junctions have to be
either immediately before the 5’ LTR, immediately after the 3” LTR (reflecting read-through
transcription), or at the canonical splice junctions between human genome and HIV-1 [17].
While HIV-1 may activate cryptic splice sites [17, 104], these HIV-1-host splice junctions
should presumably follow GT|AG rules of splicing. Third, during sequencing, index hopping
which incorrectly assigns reads to the wrong sample within a sequencing lane [105]. This
results in false positive calling of uninfected cells as infected cells. Finally, identification of
one HIV-1 read per cell may not be sufficient to define HIV-1-infected cells. The use of a
minimum of 2-5 HIV-1 reads per cell is often required to correctly define HIV-1-infected
cells, as defined by no detectable HIV-1 reads in uninfected samples. Overall, the use of
uninfected samples is an essential negative control to set appropriate threshold for HIV-1
genome mapping.

Conclusion

Advancement in single-cell technologies revolutionized our understanding of mechanisms
of HIV-1 persistence as well as immunology, cancer, development, and human diseases.
The unique value for the HIV-1 field is that single-cell multi-omics is one of the few
approaches that can resolve the heterogeneity and rarity of HIV-1-infected cells which do
not have cellular markers for specific enrichment. Genome-wide profiling enables unbiased
identification of cell types and identify innovative mechanisms. Multi-omic profiling, from
epigenetic regulators (DNA by ATAC-seq), transcriptional programs (RNA by RNA-seq), to
cellular markers and therapeutic targets (protein by CITE-seq), broadened our understanding
of HIV-1 reservoir across the central dogma of molecular biology. TCR clonal tracking
informs the clonal expansion dynamics of HIV-1-infected cells. Cautions need to be taken
to make mechanistically impactful, biologically reproducible, and statistically rigorous
finding. Bioinformatic analysis for single-cell multi-omics should be designed based on

the biological question, rather than following default settings. Defining the rare HIV-1+
cells requires rigorous procedures to avoid sequencing and mapping artifacts. Overall,
constant learning of single-cell studies from fields outside of HIV-1 research, such as
bioinformatics, biotechnologies, human cell atlas, immunology, and cancer, will accelerate
groundbreaking discoveries of mechanisms of HIV-1 persistence and the development of
therapeutic strategies.
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A box of key points

Single-cell multi-omic profiling, from epigenetic regulators (DNA by ATAC-
seq), transcriptional programs (RNA by RNA-seq), to cellular markers and
therapeutic targets (protein by CITE-seq), broadened our understanding of
HIV-1 reservoir across the central dogma of molecular biology.

TCR clonal tracking identifies the clonal expansion dynamics of HIV-1-
infected cells.

Bioinformatic analysis should be designed based on the biological question
with stringent quality control and rigorous statistical testing, rather than
following default settings.

Defining the rare HIV-1+ cells requires rigorous procedures to avoid false-
positive discoveries because of sequencing and mapping artifacts.
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Figure 1.
Single-cell multi-omics understanding of HIV-1 reservoir at the epigenetics, transcriptional,

and protein level

1duosnuepy Joyiny 1duosnuely Joyiny

1duosnuely Joyiny

Curr Opin HIV AIDS. Author manuscript; available in PMC 2024 September 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Wong et al.

Table 1.

Guide for single-cell multi-omic bioinformatic analysis
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Processing scRNA-seq datasets

Tools recommended

Description

Generate count matrix of cells by
genes

Remove low-quality cells

Data normalization

Demultiplexing

Doublet removal

Batch effect correction

Cellranger (10X Genomics)

Seurat [69]

Logarithm transformation [70], Scran
[71]

Freemuxlet (github), Demuxlet [72]

scDblFinder [73], DoubletFinder [74],
Scrublet [75]

Harmony [76], fastMNN [77], scVI [78]

Single-cell RNA

High mitochondrial gene content, low number of gene features,
low unique molecular identifier (UMI) count per cell

See [70] for a benchmark comparison of normalization
approaches

Genotype-based demultiplexing approaches for pooled
samples

Compare real cells to artificially generated doublets

See [79] for benchmark comparisons of different integration
methods.

Processing scATAC-seq datasets

Tools recommended

Description

Generate count matrix of cells by
peaks

Peak recall

Remove low-quality cells

Data normalization

Doublet removal

Balch effect correction

Cellranger-ARC (10X Genomis)
MACS?2 [80]
Signac [81]

Latent Semantic Indexing (Signac [81]
Latent Dirichlet allocation (cisTopic

[82])

scDblFinder [73], AMULET [83]

LIGER [84], ComBat [85]

Single-cell ATAC
Single-cell multiome ATAC + gene expression

Refine Cellranger-ARC defined regions of open chromatin

Low transcription start site (TSS) enrichment score, low peak
region fragment count per cell, poor nucleosome signal

Normalize across cells to correct for differences in sequencing
depth and peak counts

AMULET identifies cells that violate chromosome diploidy
(high number of positions with read count > 2).

See [79] for benchmark comparisons of different integration
methods.

Processing surface protein
expression (CI TE-seq) datasets

Tools recommended

Description

Generate count matrix of cells by
genes

Data normalization

Demultiplexing and doublet
removal

Baltch effect correction

Cellranger (10X Genomics)

Centered Log Ratio transformation
(CLR, Seurat)[86], DSB [87]

MULTIseqDemux [74], HTODemux
[45](Seurat)

Reciprocal PCA (Seurat)[86]

Single cell gene expression with feature barcoding

DSB leverages empty droplets to determine background noise
and isotype expression to correct cell to cell expression
variations

When hashtag oligos (HTOs) are used for pooled samples

Conservative integration approach for high biological state
variability from cell to cell

I ntegrating multi-modal data

Tools recommended

Description

Weighted Nearest Neighbors (WNN)
in Seurat v4 [69], Seurat v5 [86], or
StabMap [88]

Instead of having ATAC-seq, RNA-seq, and CITE-seq in
separate parts, combining cell features of different modalities
into one plot provides integrated understanding of cell states
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