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Integrated proteomics and transcriptomics analyses identify
novel cell surface markers of HIV latency
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Abstract

Elimination of the latent HIV cell reservoir may be possible, if the molecular identity of latently
infected cells were fully elucidated. We conducted comprehensive molecular profiling, at the
protein and RNA levels, of primary T cells latently infected with HIV /n vitro. 1sobaric labelling
quantitative proteomics and RNA sequencing identified 1453 proteins and 618 genes, altered in
latently infected cells compared to mock-infected controls (p < 0.05). Biomarker selection was
based on results from integrated data analysis. Relative enrichment for latently infected cells was
monitored using flow cytometric sorting and the HIV integrant assay. Antibodies against selected
proteins, encoded by CEACAMI and PLXNBZ, enabled enrichment of latently infected cells from
cell mixtures by 3-10 fold (5.8 average, p < 0.001), comparable to levels obtained with biomarkers
reported previously. Individual biomarkers are likely linked to subsets of latently infected cells,
and an extended antibody panel will be required to inclusively target the latent HIV reservoir.
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1. Introduction

Human immunodeficiency virus-1 (HIV) establishes a stable reservoir in CD4* T cells
(Chun et al., 1997b; Finzi et al., 1997, 1999; Siliciano et al., 2003; Wong et al., 1997),
enabling it to persist in the face of combined modern antiretroviral therapy (ART) and the
body’s immune response. This latent reservoir, commonly defined as cells bearing quiescent
proviruses that retain the capacity to produce infectious particles (Chun et al., 1997a; Eisele
and Siliciano, 2012), remains the major obstacle to achieving a functional cure. Multiple
mechanistic blocks exist for production of infectious virus, including blocks in RNA
splicing, nuclear export and translation; therefore, complete viral quiescence is not requisite
in the current definition of HIV latency - only the lack of infectious virion production
(Pasternak and Berkhout, 2018). Moreover, the ability of many replication defective viruses
to elicit host immune cell activation (Imamichi et al., 2016) has also caused definition of
the latent reservoir (also termed “latent/persistent™) to be expanded to include cells bearing
transcription- and translation-competent provirus (Baxter et al., 2018).

If the molecular identity of this cellular reservoir of latent HIV infection could be fully
elucidated, it may be possible to design rational strategies to selectively target such cells for
elimination. As an example, proteins expressed on the surface of an infected cell represent
suitable targets for antibody-bound immunotoxins (Rawlings et al., 2015). Alternatively,
convertible CAR T cells (Herzig et al., 2019) can be designed to selectively attack cells,
based on expression of several antigenic markers, without a need for proviral reactivation.
In addition, reliable protein marker targets also can be used for accurate quantification

ex vivo of latent cell reservoirs, without requiring HIV activation. Antibody reagents,
raised specifically against such protein biomarkers, have the potential to create major
impacts on clinical research in HIV-infected people on suppressive ART by enabling: 1)
selective isolation and recovery of viable cells with latent HIV infection to study molecular
mechanisms, which control viral latency and reactivation, and 2) evaluation of the efficacy
of novel therapeutic interventions /in vivoto reduce the size of latently infected cell
reservoirs.

Previous research efforts have identified candidate biomarkers of latently infected

cells, which facilitated various levels of target cell enrichment. Studies that compared
transcriptomes of /in vitro models of HIV latency and mock-infected cell controls proposed
CD2 (Iglesias-Ussel et al., 2013) and Fc fragment of IgG receptor lla (FCGRZA, also known
as CD32a) (Darcis et al., 2020; Descours et al., 2017) as biomarkers of viral latency. Use

of antibodies against lymphocyte activating 3 (LAGS3), T cell immunoreceptor with Ig and
ITIM domains (7/G/T), and programmed cell death 1 (PD-1) enriched latently infected

cells from persons with HIV (Fromentin et al., 2016). A recent study, using a panel of 48
antibodies with cytometry by time of flight (CyTOF) analysis produced a biomarker panel
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that was comprised of eight molecules (Neidleman et al., 2020) - a discovery consistent
with the idea that the entire heterogenic HIV cell reservoir cannot be accurately defined

by expression of a single antigenic protein. All of these proposed biomarkers facilitated
various degrees of enrichment for latently infected cells, but were not able to capture all
parts of the entire latent reservoir. Further identification of promising biomarkers should
benefit greatly from the inclusion of combined comprehensive molecular characterization of
latently infected cells.

Therefore, in the present study, we profiled the entire proteome of primary T cell samples
taken from our /n vitro model of HIV latency, using quantitative proteomics based isobaric
stable-isotope labelling and high-definition liquid chromatography hyphenated with mass
spectrometry. Compared to comprehensive profiling at the RNA level, which has been
conducted previously by microarrays or RNA sequencing (RNA-Seq) (Descours et al., 2017,
Iglesias-Ussel et al., 2013; Trypsteen et al., 2019; White et al., 2016), protein-based methods
offer the benefit of a more direct transfer of results to antibody-based approaches for
recovery of latently infected target cells. Moreover, the integrated analysis of proteome and
transcriptome provides an additional level of biomarker validation. In the present study, we
combined results front our quantitative proteomic profiling with previous RNA-Seq results
from our published transcriptomic profiling study (Trypsteen et al., 2019) that used the same
HIV latency model (Beliakova-Bethell et al., 2019; Spina et al., 2013; Trypsteen et al.,
2019). Based on these analyses, we selected candidate antigenic marker proteins to screen
for the capacity to identify, and enrich for latently infected cells.

2. Materials and methods

2.1. Study participants

Primary CD4* T cells were used in this study to establish HIV infection Jin vitro. Cells were
isolated using negative selection with peripheral blood samples from HIV sero-negative
donor volunteers. The protocol was approved by the Institutional Review Boards of the
University of California San Diego, and the Veterans Affairs San Diego Healthcare System.
All donors provided written informed consent.

2.2. Invitro primary T cell model of HIV latency

The primary T cell model of HIV latency selected for this study has some unique
characteristics. Latent viral infection is established in cells of all the known major
maturation phenotype subsets via the biologically relevant mechanism of cell-to-cell viral
transmission, which may more accurately represent the potential mechanism(s) by which
HIV latent infection develops /n vivo. This in vitro primary T cell model of HIV latency has
been described previously (Beliakova-Bethell et al., 2019; Spina et al., 2013). The approach
generates paired samples of infected and mock-infected cells from the same blood donors
that are used for each analytic comparison. Please refer to Supplementary Methods for
details.

Virology. Author manuscript; available in PMC 2023 August 16.
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2.3. Quantitative proteomics sample processing

Paired sample aliquots (latently infected/mock infected) from 10 individual cell donors
were recovered at the end of /n vitro culture (HIV latency model), washed 4 times with
phosphate buffered saline (PBS), snap frozen and stored at —80°C. For protein isolation,
the frozen cell samples were dissolved in 0.5 M triethylammonium bicarbonate, 0.05%
sodium dodecyl sulphate and subjected to pulsed probe sonication (Misonix, Farmingdale,
NY, USA). Lysates were centrifuged (16,000 g, 10 min, 4°C), and supernatants were
measured for protein content using infrared spectroscopy (Merck Millipore, Darmstadt,
Germany). One hundred micrograms of protein per sample were reduced, alkylated using
the iTRAQ reagent kit per manufacturer’s instructions (Sciex, Inc., Framingham, MA,
USA) and subjected to overnight digestion in the dark at room temperature using trypsin
at a 1:25 ratio (Promega, Inc., Madison, WI, USA) (White et al., 2015). Peptides were
analyzed using multi-dimensional liquid chromatography and tandem mass spectrometry as
reported previously (Galanos et al., 2016; Giannogonas et al., 2016; Hanley et al., 2016;
Manousopoulou et al., 2017; White et al., 2015).

2.4. Database searches and identification of differentially expressed proteins (DEPS)

Unprocessed raw files were submitted to Proteome Discoverer 1.4 for target decoy searching
against the UniProtKB Homo sapiens database comprised of 20,159 entries (release date
January 2015), allowing for up to two missed cleavages, a precursor mass tolerance of

10 ppm, a minimum peptide length of six and a maximum of two variable (one equal)
modifications of: iTRAQ 8-plex (), oxidation (M), deamidation (N, Q), or phosphorylation
(S, T, Y). Methylthio (C) and iTRAQ (K, Y and A-terminus) were set as fixed modifications.
False discovery rate (FDR) at the peptide level was set at <0.05. Percent co-isolation to
exclude peptides from quantitation was set at 50. Reporter ion ratios from unique peptides
only were taken into consideration for the quantitation of the respective protein. The iTRAQ
ratios of proteins were median-normalized and log, transformed. A one-sample Student’s
T-Test was performed to identify DEPs between the /n vitro model of HIV latency and
mock-infected cells. In a discovery-driven approach, significance was set at nominal p-value
< 0.05, and no fold change cut off was used for initial identification of DEPs. In adherence
to the Paris Publication Guidelines for the analysis and documentation of peptide and protein
identifications (http://www.mcponline.org/site/misc/ParisReport_Final.xhtml), only proteins
adhering to the above mentioned criteria and additionally identified with at least two unique
peptides were considered. The quantitative proteomic profiling data have been deposited

to the ProteomeXchange Consortium via the PRIDE (Perez-Riverol et al., 2019) partner
repository with the dataset identifier PXD024014.

2.5. Transcriptomics dataset of differentially expressed genes (DEGS)

Identified DEPs were compared with DEGs identified using the same model of HIV
latency (Trypsteen et al., 2019). This RNA-Seq dataset included results from four replicate
experiments with paired samples of latently infected and mock-infected cells that were
generated in the same manner as in the current quantitative proteomics study, using cells
from different blood donors.

Virology. Author manuscript; available in PMC 2023 August 16.
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2.6. Gene ontology (GO) terms and pathway analysis

The Database for Annotation, Visualisation and Integrated Discovery (DAVID) v6.8 (Dennis
et al., 2003) was used to determine cellular localization of identified DEPs. The list of all
detected proteins was used as background, and the list of DEPs as gene list; GO terms in the
category “cellular component” were used to map subcellular localization. MetaCore analysis
(Clarivate Analytics, Philadelphia, PA, USA) was applied to the DEPs and DEGs to identify
pathways that were over-represented in the HIV-infected samples vsthe mock-infected
controls. FDR p-values <0.05 were considered significant for pathway discovery, and FDR
p-values <0.01 to identify common pathways between DEPs and DEGs.

2.7. Antibody selection for identification and enrichment of latently infected T cells

Antibodies were selected for screening, based on the identification of candidate cellular
biomarkers of latent HIV infection through quantitative proteomics (DEPs) and RNA-Seq
(DEGS) analyses. Searches of relevant immunologic databases were performed to determine
commercial sources of available antibodies that targeted the top 20 candidate biomarkers
(https://mww.biocompare.com/Antibodies). A list of antibodies for testing was selected,
based on reagent availability and suitability to flow cytometry analysis (Table 1). In the
fluorescence-activated cell sorting (FACS) enrichment experiments, antibodies were used

at concentrations recommended by the manufacturer. For details on screening, staining
protocols, and flow cytometry please refer to Supplementary Methods.

2.8. Integrant HIV DNA assay

Cells from the mixed cell populations of our HIV latency model, generated using samples
from independent blood donors, or cells from persons with HIV, were sorted live for DNA
extractions. Cell samples, taken prior to and after each FACS experiment were collected
for comparison of the percentages of latently infected cells that were present before and
after enrichment. Cell counts supplied by the sorter were recorded for each recovered cell
population, and the copies of integrated HIVV DNA were quantified in both the original
bulk and enriched cell aliquots, by droplet digital PCR (ddPCR) as described previously
(Beliakova-Bethell et al., 2019; Koelsch et al., 2008). The fold enrichment for latently
infected cells was determined by dividing the percent viral integrants found in the enriched
cell subset by the percent integrants before enrichment. See Supplementary Methods for
details.

2.9. Statistical analysis

Flow cytometry FCS raw data were processed using FlowJo version 10 software (FlowJo,
LLC, Ashland, OR, USA). Percentages of cells expressing each marker and the proportions
of cells with integrated HIV DNA were modeled using beta regression (betareg library
(Cribari-Neto and Zeileis, 2010) in the Bioconductor tool repository). Graphs were
constructed using GraphPad Prism software (GraphPad Software, La Jolla, CA, USA).

Virology. Author manuscript; available in PMC 2023 August 16.
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3. Results

3.1. Identification of differentially expressed proteins and gene transcripts

Use of our quantitative proteomics approach profiled a total of 10,886 proteins (peptide FDR
p<0.05) in primary T cell samples from our /n vitro model of HIV latency. Of these, 673
were up- and 780 downregulated (p < 0.05). See Supplementary Table 1 for a complete list
of identified DEPs. Sub-cellular localization of DEPs was determined using GO analysis

in DAVID, which showed mapping of: 37.9% to cytoplasm, 36.8% to nucleus, 21.3% to
extracellular exosome, and 19.0% to membrane (some proteins localized to more than one
cellular compartment). The list of DEPs associated with membrane localization is presented
in Supplementary Table 2.

Global transcriptomic analysis by RNA-Seq, using cells from our model of HIV latency,
generated from a different set of blood donors, profiled 16,058 genes, which identified

618 DEGs between cells from the HIV latency model and the paired mock-infected cells
(Trypsteen et al., 2019). Of these DEGs, 434 were protein-encoding genes. Twenty-one
genes in this group exhibited the same modulation trends at both the RNA and protein levels
(8 up- and 13 downregulated; color-coded, Fig. 1), and 6 proteins were classified by DAVID
as members of the cellular compartment term “membrane” (Fig. 1).

3.2. Pathway enrichment analysis of differentially expressed genes and proteins

Pathway Map Analysis using MetaCore identified 410 pathways enriched for DEPs and 196
pathways enriched for DEGs (FDR p < 0.05). Complete lists of all pathways, significantly
enriched for DEPs and DEGs, are presented in Supplementary Tables 3 and 4, respectively.
Pathways, previously implicated in establishment and maintenance of HIV latency, were
found in both datasets. For example, pathways related to p53 signaling that were enriched
for DEPs included DNA damage p53 activation by DNA damage, and DNA damage_role
of SUMO in p53 regulatior, and those enriched for DEGs included suppression of

p53 signaling in multiple myeloma, dual role of p53 in transcription deregulation in
Huntington’s disease, and p53 signaling in prostate cancer (Table 2). Another highly relevant
example is mTOR signaling, with DEP enrichment seen in the pathways signal transduction
_mTORC?2 upstream signaling and signal transduction _mTORCI upstream signaling, and
DEGs enriched in signal transduction_mTORCZ2 downstream signaling, signal transduction
_mTORC?2 upstream signaling and signal transduction_mTORCI downstream signaling
pathways (Table 2). Both p53 and mTOR signaling pathways were reported previously to
affect the establishment and maintenance of HIV latency (Besnard et al., 2016; White et al.,
2016). Pathways describing other processes, such as Wnt and NOTCH signaling, overlapped
perfectly between our DEP and DEG datasets (Table 2). Again, components of both Wnt and
NOTCH signaling pathways have been shown to contribute to inhibition of HIV replication
and establishment of latency (reviewed in (Kulpa et al., 2013)). The combined results from
our studies described herein, verify that our research approach can detect at both the RNA
and protein levels the same cellular processes, which are known to be modulated in HIV
latency.

Virology. Author manuscript; available in PMC 2023 August 16.
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3.3. Biomarker selection and validation by flow cytometry

The Jn vitro latency model that we employed in our experiments contains 5-20% cells with
latent HIV infection (Beliakova-Bethell et al., 2019), dependent on the individual cell donor.
Identification of proteins and genes associated with latent infection was population-based
and dependent on protein/gene expression by a very small proportion of the total cells
analyzed. Therefore, flow cytometry analysis was used to validate the selected biomarkers at
the single cell level.

Using results from both quantitative proteomics and RNA-Seq analyses, twelve candidate
biomarkers were chosen to test antibody specificity to enrich for latently infected cells (Fig.
2). The selection of protein biomarkers was based on: significance, consistency of detection
among replicate experiments, and fold difference in expression between the mock-infected
and virus-infected CD4* T cell samples, which were generated from our model of HIV
latency. Fold difference of expression was set at top 5% absolute fold change for either
protein or gene expression. Overlap between the quantitative proteomics and RNA-Seq
results was also taken into account. Proteins that were predicted to be localized to the
plasma membrane and upregulated in the latently infected cell samples, compared to the
mock-infected paired cell controls, were selected preferentially. Because of the limitations
of quantitative proteomics analysis in proteins exclusively expressed in a single sample type
(e.g. protein ratios not derived due to comparisons with zero), RNA-Seq data were used to
identify such candidate genes (Fig. 2). Throughout the manuscript, we refer to the selected
markers by the official symbols for genes that encode these proteins.

Out of the twelve antibodies that were selected for testing by flow cytometry, eight were
able to detect their target proteins in the matched positive control cell lines, while four
were not (Fig. 2). The eight antibodies that successfully detected antigen expression in the
positive controls were then advanced to examine their reactivity with primary CD4* T cells
taken front our model of HIV latency. Greater percentages of cells, positive for CEACAMI,
STX16, and PLXNB expression, were consistently detected in samples from the latently
infected cell cultures, compared with those from their paired mock-infected cell cultures
(Supplementary Fig. 1). Average fold changes were: CEACAM1, 1.2, p< 0.001; S7T.X16,
1.8, p<0.001; PLXNBZ 1.2, p< 0.001. Thus, the upregulation of these three proteins,
observed by quantitative proteomics and RNA-Seq analyses, was confirmed at a single-cell
level by flow cytometric analysis. In contrast, differential expression of LGALSI (average
fold change -1.3, p=10.197) and £EPHAZ (average fold change 1.05, p=0.907) proteins
between latently infected and mock-infected cell samples was found to be inconsistent
across replicate flow cytometry experiments (Supplementary Fig. 2). Interestingly, with the
use of flow cytometric detection, both MXZ (average fold change —1.25, p< 0.001) and
CD80 (average fold change —1.3, p < 0.001) were consistently expressed on a smaller
percentage of cells in latently infected samples (Supplementary Fig. 2), despite being found
to be upregulated in quantitative proteomics experiments or RNA-Seq. L/MKZ1 expression
was detected on average in a greater percentage of cells from latently infected samples
(fold change 5, p=0.042); however, the expression was not consistent across experiments
(Supplementary Fig. 2) and contrasted with its observed downregulation in the quantitative
proteomics study.

Virology. Author manuscript; available in PMC 2023 August 16.
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Because increases in the percentage of latently infected cells that expressed each

individual marker were very modest, we next assessed the capacity of two-by-two antibody
combinations to detect differential expression of candidate biomarkers (Fig. 2). We aimed
to determine whether such combinations could enhance discrimination of a positive subset
selectively in the latently infected cultures and thereby increase success of cell sorting
experiments to enrich isolation and recovery of latently infected T cells. Of the combinations
examined, dual staining for CEACAMI and PLXNBZ cell surface biomarkers was the

most promising (Supplementary Fig. 3). This approach identified a unique subpopulation
(CEACAMIOMONtp XNB2Y) that was consistently increased in the infected cell samples,
compared to the paired mock-infected cell samples (average fold change 2.1, p < 0.001, Fig.
3A and B).

3.4. Enrichment for cells with latent HIV infection

To test the premise that expression of CEACAMI and PLXNBZ proteins could be used to
selectively enrich for latently infected primary CD4* T cells from a mixed cell population,
a separate series of experiments were performed (N = 5), using our /7 vitro model of HIV
latency to generate the latently infected cells. At the end of culture, a cell aliquot was
removed and set aside for subsequent analyses. The remainder of cells were stained with
antibodies against CEACAMI and PLXNBZ in preparation for FACS. A live-cell gating
region was designed (Fig. 3A) to collect cells that were positive for PLXNBZ, or had high
expression of CEACAM!1, or expressed both CEACAMIPhtpL XNBZF. The isolated cells,
recovered by FACS, and the bulk cell aliquot, reserved prior to sorting, were subsequently
assayed by integrant DNA analysis. With five replicate experiments that used cells from
different donors, HIV DNA copies were on average 5.8 fold higher in the sorted enriched
subpopulation (+£2.7 standard deviation, range 3-10 fold, p< 0.001, Fig. 3C).

In addition, preliminary experiments to use CD4* T cells from persons with long-term
ART-suppressed HIV infection exhibited similar levels of latent cell enrichment, using the
same selected antibody reagents. Unfortunately, due to the limited numbers of recovered
CD4* T cells from three available biobanked CD4" T cell samples (500,000 or less

total cells recovered), we were able to quantify integrant DNA in only one sample that
contained a relatively large HIV reservoir. Before enrichment using antibodies against
CEACAMI and PLXNBZ, the ddPCR-based integrant DNA assay detected 4,167 latently
infected cells normalized to one million CD4* T cells. Following CEACAMI and PLXNB2
antibody staining and FACS, 42,424 latently infected cells per one million CD4* T cells
were measured, demonstrating 10-fold enrichment. These results were consistent with the
observations made, using our /n vitro model of HIV latency. Although integrated HIV

DNA was undetectable in the additional two patient samples (<500,000 cells recovered),

we proceeded with single cell RNA-Seq examination. When normalized to total cells
sequenced, this approach detected a greater number of cells that expressed low levels of
HIV RNA (2.7-fold and 6.0-fold), following enrichment using the CEACAM1 and PLXNBZ2
antibodies.

Taken together, these results demonstrate that combined use of quantitative proteomics and
transcriptomics analyses is capable of defining cellular biomarkers, which can facilitate the

Virology. Author manuscript; available in PMC 2023 August 16.
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identification and selective enrichment of latently infected primary T cells to enable further
potential mechanistic studies.

4. Discussion

The results from the present study constitute the most in-depth quantitative proteomic
profiling to date of primary CD4* T cells with latent HIV infection, with 10,886 proteins
detected (Supplementary Table 1). The expression levels for 21 proteins in HIV infected

vs uninfected control CD4* T cell samples were confirmed at the RNA level, using global
transcriptomic analysis (Fig. 1). Discrepant results between proteomics and transcriptomics
analyses may be explained, in part, by discrepancies between expression of RNA and
proteins at detectable levels (Dumaual et al., 2013). For example, some proteins may be
regulated post-translationally via activity of other proteins modulated in latency. Changes
in protein expression may also reflect transient changes in RNA expression at an earlier
time point, which was not captured in our present design. On the other hand, RNA-Seq is

a more sensitive method that was able to detect a greater number of genes (N = 16,058),
compared to 10,886 proteins detected by quantitative proteomics. It is therefore plausible
that some differences observed by RNA-Seq were not detectable at the protein level.

For example, previously reported biomarkers of latency, such as PD-1, LAG3and T/GIT
(Fromentin et al., 2016), were not detected at the protein level in our study. The levels

of their expression on latently infected cells generated in our model without activation are
likely too low to be detectable by proteomics profiling. Perhaps most relevant, proviral
integration frequency in our primary T cell model has been shown to vary in concert

with donor-to-donor biologic variation that has ranged from 5 to 20% in our prior studies
(Beliakova-Bethell et al., 2019) and 2.4%-22.3% in the cell enrichment experiments of the
current study (Fig. 3C). With such ranges in establishment of latent infection, the detection
of differential expression in gene transcription or protein production within a mixed cell
population would require relatively high expression on individual cells, carrying persistent
HIV infection. Therefore, it follows that it would be more difficult to detect any differences
in biomarker expression when the size of the infected latent/persistent subpopulation is small
(e.0. 2% compared to 20%). Despite this type of limitation, conducting biomarker discovery
at both the protein and RNA expression levels provides a higher degree of confidence that
overlapping detection of potential targets will lead to more reliable candidates for study;
even though, some true biomarkers that are identified by only one method may be missed.

Compared to prior proteomics studies that have used latently infected cells (Berro et al.,
2007; Zhang et al., 2019), our study used a primary T cell model system as opposed

to cell line models of HIV latency, and quantified the entire proteome. Thus, a greater
number of proteins were profiled in a more biologically relevant setting. In these prior
studies, membrane proteins were enriched in latently infected and parental cell lines, and
DEPs were identified using two-dimensional electrophoresis followed by matrix assisted
laser desorption ionization - time of flight (MALDI-TOF) (Berro et al., 2007) or liquid
chromatography mass spectrometry analysis (Zhang et al., 2019) of individual protein spots.
The two studies, which used ACH-1 and J-Lat cells, identified a limited number of proteins
(17 and 13, respectively), and demonstrated no overlap between their findings. Among the
combined 30 total proteins found in these cell lines studies, four were identified as DEPs
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within our quantitative proteomics experiments: eukaryotic translation initiation factor 2D
(EIF2D, also known as ligatin) (Berro et al., 2007); phosphomevalonate kinase (PMVK);
capping actin protein, gelsolin like (CAPG); and GrpE like 1, mitochondrial (GRPEL 1)
(Zhang et al., 2019). Such variations between studies are likely attributable to differences

in the technologies applied and cell types used. However, one interesting exception was
noted. CAPG expression was downregulated in both the J-Lat cell line model (Zhang et al.,
2019) and our primary CD4* T cell model of latency (reported here), as well as in resting
CD4* T cells taken from persons with HIV infection and suppressed viremia, compared

to uninfected controls (Zhang et al., 2019). Furthermore, we found some overlap in DEPs,
identified by our current study, with those from an additional published report (Azzam et
al., 2016) that was conducted using memory phenotype CD4" T cells from persons infected
with HIV on long-term suppressive ART: myosin heavy chain 9 (MYH9), myosin light
chain 6B (MYL6B), S100 calcium binding protein A9 (SZ00A9), and heterogeneous nuclear
ribonucleoprotein U (HNRNPU). The combined results from this group of studies indicate
that proteomics studies, conducted in different /n vitro model systems do have the capability
to produce similar results, as well as reflect accurately /n vivo observations.

On the other hand, proteomics profiling alone is not sufficient to differentiate between

the global effects of viral infection on all CD4* T cells (including uninfected ones) and

the protein dysregulation specific to latently infected cells. Assuming a given protein

is expressed on latently infected but not uninfected cells, expression of an upregulated
DEP is the average between unchanged expression on uninfected cells and relatively high
expression on latently infected ones. Alternatively, observed differences in expression may
be the result of a bystander effect on cells that did not acquire latent HIV infection, but
were exposed to virus in culture. Furthermore, proteomics profiling quantifies total cellular
proteins, which may produce discrepant results with flow cytometric evaluations of protein
expression on cell surface (e.g. CD80 in this study). In studies conducted ex vivo with
cells from persons infected with HIV, it is difficult to uncouple the effects of ART from
manifestations of latent HIV infection. Because of such limitations, it was important in our
study to select candidate biomarkers (Fig. 2) and test their ability with flow cytometry to
enrich for latently infected cells from mixed cell populations. Using our model of HIV
latency, we found several markers that were expressed on a larger proportion of cells from
the latently infected cell cultures, compared with the paired mock-infected control cell
cultures (Fig. 3A and B and Supplementary Figs. 1-3). The most promising combination
of markers, CEACAM1 plus PLXNBZ, facilitated 3-10 fold enrichment of latently infected
cells by FACS in 5 independent experiments, using different cell donors to generate the /n
vitro model of latent infection (Fig. 3C) and in proof-of-concept experiments (N = 3) using
cells from persons with HIV.

The observed range of enrichment achieved, both in cells from our /n vitro model of
HIV latency and ex vivo cells from persons with HIV infection, was comparable to the
performance reported in previous publications for other biomarkers of HIV latency. For
example, memory CD4" T cells that simultaneously expressed PD-1, 7/G/Tand LAG3
in samples from persons with suppressed HIV infection were enriched for viral DNA up
to 10 fold (median increase 8.15 fold; range, 4.92-9.59), when compared to total CD4*
T cells (Fromentin et al., 2016). In another report, CD4* T cells that expressed high
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levels of surface CD2 antigen in persons with HIV infection, compared with total CD4*

T cells, contained enriched amounts of HIVV DNA copies, with a median increase of 5.7

fold (range, 3- to 10.8 fold) (Iglesias-Ussel et al., 2013). Of note, the model of latency

that identified CD2 as a biomarker differed from our model in the mechanism of latency
establishment: activated infected cells that returned to quiescence (lglesias-Ussel et al.,
2013), vscell-to-cell viral transmission from productively infected cells to resting cells (our
latency model). While CD2 protein expression was detected at the protein level in our study,
its expression in latently infected cell samples was not consistently higher than that of the
paired mock-infected cells (average fold change 1.09, p= 0.35). Variation in experimental
results is likely dependent on the different cell culture characteristics of each model used for
biomarker discovery - in particular, the mechanisms of latency establishment. Furthermore,
variations in the surface expression level of common T cell antigens (i.e. CD2, CD3, CD80)
are often linked to parallel changes in cellular activation, differentiation, or maturation
regardless of the infection status of the cell. As a relevant example, CD2 expression on the
cell surface has been demonstrated to be higher on memory, compared to naive CD4* T cells
(He et al., 2021). Our own data are consistent with the idea that CD2 does not serve as a
unique marker to identify HIV reservoir cells in a memory T cell population.

Most importantly, all biomarkers that are identified through /n vitro experimentation require
subsequent validation with ex vivo studies of latently infected cells from persons with
persistent HIV infection. In this respect, we are encouraged by the limited preliminary test
results obtained with the protein markers CEACAMI and PLXNBZ, identified in our present
study. To move forward, though, expanded additional validation testing will be needed when
sufficient cell material can be assured in the future not to be a significant limiting factor.
Despite these limitations, the results from our current work and the prior studies of others
suggest strongly that each of the identified proposed biomarkers defines different subsets of
latently infected T cells.

Based on these findings, it is very likely that an extended combined biomarker panel

will be needed to capture a complete reservoir profile, represented by different functional
cell types. Further studies to test different combinations of markers will be needed to
identify a complex signature of HIV latency that can be used for accurate quantification

of the majority of the cell reservoir, or to target it for elimination. It is probable that the
combination of markers will include those expressed on latently infected cells and not on
uninfected ones, as well as those expressed exclusively on uninfected cells (Neidleman

et al., 2020). Our work provides a comprehensive molecular platform to facilitate further
biomarker selection and testing using samples from persons with HIV, including peripheral
blood and tissue compartments.

5. Conclusions

Proteins that are dysregulated during latency vary when identified by different methods
and in different cell systems; however, some overlaps do exist between in vitroand ex
vivo studies. Combined proteomics and transcriptomics approaches facilitate identification
of candidate biomarkers of latency with higher confidence. Antibodies against selected
biomarker proteins, identified in the present study, enriched for latently infected T cells,

Virology. Author manuscript; available in PMC 2023 August 16.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Beliakova-Bethell et al. Page 12

to comparable levels achieved with other biomarkers proposed previously. The results from
this study are consistent with the idea that each identified biomarker candidate defines
only a subset of latently infected cells, and that an extended complex biomarker panel will
be required to capture or target a majority of the latent HIV reservoir, containing several
different cell types.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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and transcript levels (RNA-Seq), modulated in the same direction. Cellular compartment
annotation in DAVID: C, cytoplasm; PM, plasma membrane; N, nucleus; EC, extracellular
exosome; Other, not a member of listed compartments. Scale bar indicates log, transformed

fold changes in protein and transcript expression, latently infected over mock infected

condition.
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Fig. 2.
Flowchart of biomarker selection and validation. Biomarkers were selected based on

significance (p < 0.05) in the quantitative proteomics and RNA-Seq experiments,

consistency of protein detection among replicate experiments, large difference in expression
level, and overlap observed between methods. Bo/d, proteins with predicted localization

to the plasma membrane. Underlined, proteins/genes with large differences in expression
between the latently infected cell samples and the paired mock-infected cell samples (top
5% of absolute fold change). Arrows indicate up- and downregulation in latency. BR, bright.
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Use of combined dual antibody detection of CEACAMI and PLXNBZ expression patterns
identifies a unique cell subpopulation that is increased in latent infection and can be used
to enrich for latently infected cells. A. Two representative experiments showing dot-plot
images of marker expression with over-lay of gated analysis regions. Paired cell samples
from mock-infected control and latently infected cell cultures in the primary CD4* T cell
model of HIV latency are shown. PE, phycoerythrin; APC, allophycocyanin. B. Statistical
analysis of the percentages of CEACAMI™"9htp1 XNB2* cells within the gated regions
in mock-infected (M) vs latently infected (L) samples, averaged over four independent
experiments. C. In a separate set of experiments, integrated HIV DNA was quantified

by droplet digital PCR in the infected cell samples from model of viral latency (L) and

the parallel enriched cell subsets (E), following FACS isolation using antibodies against
CEACAMI and PLXNBZ. Data are the mean percentage of cells with HIV DNA from five
independent experiments with different cell donors. In B and C, error bars indicate standard
deviation. Beta regression was used to determine significance; ***, p-value < 0.001.
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Antibodies used to test enrichment of latently infected cells from mixed cell populations.

Table 1

Antibody | sotype Secondary@ Conjugate Manufacturer (cat. #)
CEACAMI Mouse IgG2b  N/A PE R&D Systems (FAB2244P)
PLXNB1 Mouse IgG2a  N/A APC R&D Systems (FAB53291A)
STX16 Rabbit 1gG Goat anti-Rabbi ~ APC Thermofisher Scientific (PA5-48340)
LIMKI Mouse IgG2b  Goat anti-Mouse ~ PE Novus Biologicals (NBP2-00748)
LAXI Rabbit 1gG Goat anti-Rabbit ~ APC Abcam (ab133759)

ANXAZ Rabbit 1gG N/A PE Abcam (ab210729)

LGALSI Mouse IgG1 Goat anti-Mouse  PE Thermofisher Scientific (43-7400)
EPHAZ2 Mouse IgG2a  N/A APC R&D Systems (FAB3035)

cD80 Mouse IgG1  N/A FITC R&D Systems (FAB140F-025)
cCcL5S Mouse IgG1 N/A APC R&D Systems (IC278A)

MX1 Rabbit 1gG Goat anti-Rabbit ~ APC Abcam (ab207414)

KRAS Mouse IgG2b  Goat anti-Mouse  PE Novus Biologicals (NBP2-59413)

CEACAM!I, CEA cell adhesion molecule 1; PLXNBZ, plexin B2; STX16, syntaxin 16; L/MKZ, LIM domain kinase 1; LAXZ, lymphocyte

Page 19

transmembrane adaptor 1; ANXAZ, annexin A2; LGALSI, galectin 1; EPHAZ, EPH receptor A2; CD80, CD80 molecule; CCL5, C—C motif
chemokine ligand 5; MX1, MX dynamin like GTPase 1; KRAS, KRAS proto-oncogene, GTPase; PE, phycoerythrin; APC, allophycocyanin; FITC,
fluorescein isothiocyanate; cat. #, catalog number; N/A, not applicable.

aSecondaw antibody is not applicable for primary antibodies conjugated to fluorophores.
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Table 2
Pathways significantly over-represented (FDR <0.01) in common for DEPs and DEGs.
Pathway DEPs DEGs
p-value FDR p-value FDR

Signal transduction_Calcium-mediated signaling 1512E-09 5.250E-07 1.143E-05 8.623E-04
Apoptosis and survival_IL-17-induced CIKS-independent signaling pathways 1.861E-06 1.315E-04 2.709E-04 6.525E-03
Pro-inflammatory action of Gastrin in gastric cancer 4.829E-06 2.484E-04 4.303E-04 7.857E-03
Chemotaxis_Lysophosphatidic acid signaling via GPCRs 2.255E-05 6.577E-04 2.376E-04 5.894E-03
Role of neuropeptides in pathogenesis of SCLC 2.348E-05 6.657E-04 3.427E-04 6.821E-03
Oxidative stress_ROS-induced cellular signaling 2.518E-05 6.725E-04 2.836E-04 6.554E-03
Development_Gastrin in cell growth and proliferation 4.946E-05 9.703E-04 2.795E-05 1.416E-03
Proliferative action of Gastrin in gastric cancer 5.176E-05 9.703E-04 5.918E-04 9.709E-03
Immune response_IL-3 signaling via JAK/STAT, p38, JNK and NF-kB 5.592E-05 1.009E-03 9.011E-05 3.125E-03
IGF family signaling in colorectal cancer 1.691E-04 2.195E-03 2.439E-06 3.451E-04
Reproduction_Gonadotropin-releasing hormone (GnRH) signalling 2.542E-04 3.044E-03 1.576E-06 2.549E-04
HBYV signaling via protein kinases leading to HCC 3.343E-04 3.628E-03 3.895E-07 1.102E-04
Neurophysiological process_Constitutive and regulated NMDA receptor trafficking  3.517E-04  3.729E-03  2.837E-04  6.554E-03
Nociception_Nociceptin receptor signaling 3.739E-04 3.847E-03 1.786E-05 1.189E-03
Apoptosis and survival_Endoplasmic reticulum stress response pathway 4.149E-04  4.030E-03  1.099E-04  3.501E-03
Development_Keratinocyte differentiation 4.149E-04 4.030E-03 1.300E-05 9.199E-04
Canonical Notch signaling pathway in colorectal cancer 4.689E-04 4.461E-03 3.055E-04 6.651E-03
Development_Positive regulation of WNT/Beta-catenin signaling in the nucleus 5.976E-04 5.355E-03 8.010E-06 7.045E-04
Transcription_CREB signaling pathway 6.465E-04 5.648E-03 3.850E-04 7.263E-03
Inhibition of TGF-beta signaling in lung cancer 7.110E-04 6.029E-03 2.728E-05 1.416E-03
Development_WNT/Beta-catenin signaling in the nucleus 9.559E-04 7.336E-03 2.107E-04 5.555E-03
Development_NOTCH in inhibition of WNT/Beta-catenin-induced osteogenesis 9.998E-04 7.466E-03 1.621E-04 4.586E-03
Development_Positive regulation of WNT/Beta-catenin signaling in the cytoplasm  1.366E-03  9.134E-03  2.206E-10 2.497E-07
IGF signaling in lung cancer 1.374E-03 9.134E-03 2.110E-04 5.555E-03

DEPs, differentially expressed proteins; DEGS, differentially expressed genes; FDR, false discovery rate adjusted p-value.
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