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Background. People living with human immunodeficiency virus (HIV-1) who have a history of cured tuberculosis have worse
outcomes, including increased all-cause mortality rate and risk of recurrent tuberculosis. We hypothesized that persistent and global
immune deficits could contribute to these outcomes in people with a history of tuberculosis.

Methods. We completed FLEX Cellular Indexing of Transcriptomes and Epitopes by Sequencing (FLEX-CITE-Seq) of
peripheral blood mononuclear cells of people living with HIV with (n=6) or without (n=3) a history of tuberculosis at
GHESKIO Centers in Haiti. We subtyped dendritic cells using flow cytometry and quantitated cytokines on an expanded cohort

(n=29) to confirm FLEX-CITE-Seq findings.
Results.

Cell types with significantly differential levels of expression for >40 genes all had overrepresentation of a tumor

necrosis factor (TNF)-mediated pathway. In an expanded cohort of 29 people living with HIV, we found a larger percentage of
plasmacytoid dendritic cells by flow cytometry and increased plasma interleukin 6, 12p70, 15, and 2, interferon o, and TNF
levels in the tuberculosis history group (n =18) than in the group with no history of tuberculosis (n = 11).

Conclusions.

A proinflammatory milieu and immune cell gene expression changes mediated by TNF persist in people living

with HIV even years after tuberculosis is cured. It remains to be determined whether the differences are preexisting risk factors
or are established during the natural history of HIV and tuberculosis infections.
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People living with human immunodeficiency virus (HIV-1)
who have a history of tuberculosis have worse clinical out-
comes, including an increased all-cause mortality rate, than
those with HIV who have never had tuberculosis [1-4]. The
risk of death is greatest in people with advanced HIV and
low CD4" T-cell counts at the time of tuberculosis and HIV di-
agnoses [5, 6]. The increased risk of death persists even when
accounting for tuberculosis treatment, antiretroviral therapy,

Received 11 August 2025; accepted 20 September 2025; published online 7 October 2025

Presented in part: International Union Against Tuberculosis and Lung Disease meeting, Bali,
Indonesia, November 14, 2024; International AIDS Society annual meeting, Kigali, Rwanda,
July 16, 2025.

Correspondence: Kathryn M. Dupnik, MD, Department of Medicine, Weill Cornell Medicine,
420 E 70th St, Ste LH-455, New York, NY 10021 (kad9040@med.cornell.edu).

The Journal of Infectious Diseases® 2026;233:902-12

© The Author(s) 2025. Published by Oxford University Press on behalf of Infectious Diseases
Society of America.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-
NonCommercial-NoDerivs licence (https://creativecommons.org/licenses/by-nc-nd/4.0/), which
permits non-commercial reproduction and distribution of the work, in any medium, provided
the original work is not altered or transformed in any way, and that the work is properly cited.
For commercial re-use, please contact reprints@oup.com for reprints and translation rights for
reprints. All other permissions can be obtained through our RightsLink service via the
Permissions link on the article page on our site—for further information please contact
journals.permissions@oup.com.

https://doi.org/10.1093/infdis/jiaf499

and isoniazid prophylaxis. In a study in Haiti, tuberculosis
was the only predictor of increased mortality risk in a multi-
variate analysis, with a hazard ratio of 2.78 (95% confidence in-
terval, 1.61-4.79) [1]. After exclusion of early deaths, the
5-year mortality rate was 14.2% in the tuberculosis cohort
and 6.1% in the nontuberculosis cohort (log-rank P < 0.001)
[1]. Even when tuberculosis is diagnosed, treated, and cured
—and even when potential confounders are controlled for—
people with tuberculosis-HIV coinfection have an increased
risk of future death.

We hypothesized that persistent immune aberrations contrib-
ute to worse outcomes in people with history of tuberculosis. To
assess the impact of history of active pulmonary tuberculosis on
immune cell populations in the peripheral blood of people living
with HIV, we began with single-cell RNA-Seq (scRNA-Seq) of
peripheral blood mononuclear cells (PBMCs). The scRNA-Seq
approach in studies of HIV pathogenesis [7, 8] and tuberculosis
monoinfection [9-13] is reviewed elsewhere. Published single-
cell transcriptomic studies of coinfection have focused on small
numbers of people with active tuberculosis [14] or cells infected
with Mycobacterium tuberculosis (Mtb) ex vivo [15].

For the current study, we applied FLEX scRNA-Seq technol-
ogy to profile fixed human cells [16] with Cellular Indexing of
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Transcriptomes and Epitopes by Sequencing (CITE-Seq) for
surface protein labeling of fixed human cells [17]. To demon-
strate the proinflammatory environment in people living with
HIV with history of tuberculosis, we pursued biologic confir-
mation of a cell type whose differential gene expression profile
could plausibly mediate the immune response to Mtb during
HIV coinfection, using a complementary cytokine analysis.

METHODS

Study Population

The tuberculosis rate in Haiti is 154 new cases per 100 000 peo-
ple [18], of whom 15% also have HIV [18]. The nongovern-
mental organization Haitian Group for the Study of Kaposi’s
Sarcoma and Opportunistic Infections (with the French acro-
nym of GHESKIO) in Port au Prince, Haiti is the largest pro-
vider of HIV and tuberculosis care in the Americas. Samples
for this study were obtained from a previously described study
of tuberculosis recurrence at GHESKIO [19].

People living with HIV with history of recurrent or a single
episode of tuberculosis or no prior tuberculosis were enrolled
1:1:1 for a single study visit. Active pulmonary tuberculosis
was bacteriologically confirmed with TB GeneXpert assay or
culture. Tuberculosis episodes were concurrent with or after
the diagnosis of HIV, and tuberculosis treatment had been
completed for >6 months prior to study enrollment. People
with both detectable viral load and plasma p24 antigen, as de-
scribed elsewhere [19], were excluded from this study.
Tuberculosis case patients and no-tuberculosis controls were
matched for sex, age, and time since diagnosis of HIV.

PBMCs

PBMCs were isolated between December 2019 and October
2023 using density gradient separation (Ficoll-Hypaque; GE
Healthcare) with 5 x 10° PBMC aliquots frozen in fetal bovine
serum and dimethyl sulfoxide. PBMCs were identified with a
unique specimen identifier that did not correspond to tubercu-
losis status.

Fixed RNA Profiling With FLEX-CITE-Seq of PBMCs

PBMC:s were prepared for sequencing using the 10x Genomics
protocols CG000529 Rev A and CG000478 Rev A. After thawing,
live cells were negatively selected (EasySep Dead Cell Removal;
Stem Cell Technologies). Cell surface immune lineage markers
were labeled using the TotalSeq-B Human TBNK Cocktail
(BioLegend 399902). Labeled live cells were fixed and frozen
(10x Genomics; PN-1000414). Library preparation, feature bar-
coding, and sequencing for Chromium Single Cell Gene
Expression FLEX (10x Genomics), a hybridization-based plat-
form for scRNA-Seq of fixed cells, were performed according
to the manufacturer’s instructions. Gene expression and
CITE-Seq libraries were pooled and sequenced on 1 lane of an

Ilumina NovaSeq 6000 sequencer. Matched cases and controls
were prepared and sequenced together.

Analysis of FLEX scRNA-Seq and CITE-Seq Data

Raw sequencing reads were processed using the Cell Ranger (10x
Genomics) multipipeline (version 7.1.0) to demultiplex, align,
and generate feature-barcode matrices with associated epitope
data. The GRCh38 human genome (Build 2020-A; 10x
Genomics) and the Chromium Human Transcriptome Probe
Set (version 1.0.1) were used as references. Cells with >10% mi-
tochondrial reads [20] were removed. Cells were considered out-
liers if they were >2.5 SDs away from the mean values for either
unique molecular identifier (UMI) count or detected RNA fea-
tures. Cells inferred to be doublets by the scDblFinder package
(version 1.16.0) [21] were removed. Cells were integrated across
donors with anchor-based canonical correlation analysis inte-
gration and then subjected to UMAP dimensionality reduction
and clustering using Seurat software (version 4.2.0) [22]. Cells
were clustered using both transcriptome and cell-surface protein
expression data with a weighted nearest neighbors approach. Cells
were annotated with SingleR software (version 2.4.0) [23] using
the Human Primary Cell Atlas reference dataset [24] and with
Seurat Azimuth reference transfer using its composite PBMC ref-
erence [25]. Cell type annotations were harmonized between the
references via manual inspection of canonical gene expression. As
a secondary analysis, we assigned cells to the 6 dendritic cell (DC)
clusters (DC1-DC6) described by Villani et al [26]. We applied
the Seurat AddModuleScore function to the gene signatures of
each DC cluster and calculated the activity of the hallmark TNF
signaling via NF-«B gene set in each cell type.

DC Phenotyping

To quantitate DC subsets phenotypically in 5x 10° PBMCs,
we thawed, washed, and stained with a fluorescently labeled
antibody panel (Supplementary Table 1) to distinguish Type 1
conventional (cDC1), Type 2 conventional (cDC2), and plasma-
cytoid DCs (pDCs). Flow cytometry (fluorescence-activated cell
sorting [FACS]) data were collected with a Fortessa cytometer us-
ing FACS DIVA software and analyzed using FlowJo software
(Becton-Dickinson). Compensation beads, full-minus-1 panels,
and cells from >1 person from both tuberculosis and no-
tuberculosis groups were included in each FACS run. The gating
strategy was optimized from published studies of FACS DC phe-
notyping [27-29] (Supplementary Figure 1). DCs were enumer-
ated from the single nucleated cell lineage negative (CD197,
CD37, CD567, CD157, CD16, and CD147) HLA-DR*CD11c¢*
cell population. DCI1 cells were CD141°CD1c™ . DC2 were
CDl1c" and CD141". pDCs were CD303".

Cytokine Assays
To assess for plasma interferon (IFN) a and additional cyto-
kines, we used an 18-plex Th1/Th2 panel (ProcartaPlex 1C;
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EPX180-12172-901; Thermo Fisher) on undiluted previously
unthawed plasma stored at —80°C and run in duplicate.
Absorbance raw data were recorded on a MAGPIX with
XPONENT software (version 4.3; Luminex). Standard curves
were generated and sample concentrations calculated using
the ProcartaPlex Analysis App (Thermo Fisher).

Statistics

Power Calculation for CITE-Seq Data

We used the scPower framework [30] to consider power for
scRNA-Seq [31]. For CD4" T cells in PBMCs at a frequency
0f 20%, a 2:1 case-control ratio, a total sample size of 9, and out-
put data for 6000-10 000 cells, we had >80% power to detect
significantly differentially expressed genes.

Statistical Analysis of CITE-Seq Data

Differential expression analysis was performed using a pseudo-
bulk approach [32, 33]. For each cell type, gene expression
counts across cells within a biological replicate were aggregated
by summing using the R Libra software package (version 1.0.0)
[34]. We used DESeq2 software (version 1.42.0) Wald tests [35]
to compare gene expression between tuberculosis and no-
tuberculosis groups. Genes were considered differentially ex-
pressed at |log, fold change (FC)|>0.25 and adjusted P
(Pagj) < 0.05. For immune cell subsets with >40 genes differen-
tially expressed between tuberculosis and no-tuberculosis
groups, the differentially expressed genes were input for Gene
Ontology (GO) biological process enrichment pathways [36]
using clusterProfiler software (version 4.10.1) [37] and for
Gene Set Enrichment Analysis (GSEA) hallmark pathways
with fgsea software (version 1.28.0) [38] against MSigDB hall-
mark gene sets [39].

Statistical Analysis of DC Data

Sample size for the DC studies was calculated based on prelim-
inary FACS studies on the 9 participants who had FLEX
CITE-Seq. We used the power command in Stata to calculate
the sample size for the following parameters: o= 0.05; power,
0.80; case-control ratio, 2.0; means, 1.12% and 3.4%; and SD,
2.0%. For the DC analysis, we compared tuberculosis versus
no-tuberculosis groups using Mann-Whitney tests at o =.05.
When outliers were present, additional sensitivity analysis ex-
cluded outliers to confirm the association. We used tobit re-
gression analysis with history of tuberculosis as the
independent variable to account for left censoring and to test
for sex as a covariate.

Statistical Analysis of Cytokine Data

For the cytokine analysis, we imputed a value of 0 when absor-
bance was less than the limit of calculation. Cytokines for which
more than half of samples were less than the limit of calculation
did not continue to statistical analysis. The primary analysis was

for IFN-o. Remaining cytokines in the panel were analyzed as a
secondary analysis with Bonferroni correction for multiple com-
parisons. When indicated, we included tobit regression analysis
with history of tuberculosis as the independent variable.

Sex as a Biological Variable

We matched case participants (with a history of tuberculosis)
with controls (with no history of tuberculosis) by sex. We in-
cluded sex as a covariate in tobit regression of DC populations
and cytokine levels.

Study Approval

This study was approved by the institutional review boards
at Weill Cornell Medicine (protocol 1612017803) and
GHESKIO. All study participants provided written informed
consent with a 2-step consent protocol at GHESKIO [40].
Human research guidelines of the US Department of Health
and Human Services, Weill Cornell Medicine, and GHESKIO
were followed and in accordance with the Helsinki Declaration.

Data Availability

scRNA-Seq data will be available in the National Center for
Biotechnology Information’s GEO system. Raw data associated
with this article are archived in Weill Cornell Medicine’s re-
search data repository.

RESULTS

We generated FLEX-Seq and CITE-Seq data from PBMCs of 6
people living with HIV with a history of tuberculosis and 3 with
no tuberculosis history (Table 1 and Supplementary Table 2).
Gene expression data corresponded to immune cell phenotypes
identified by cell surface antibody staining. These data were
clustered using Seurat software and projected to the Human
1A) and Azimuth PBMC
(Figure 1B) references as expected. When tuberculosis history

Primary Cell Atlas (Figure

Table 1. Characteristics of Participants With Peripheral Blood
Mononuclear Cells Included in FLEX Cellular Indexing of
Transcriptomes and Epitopes Single-Cell RNA Sequencing®

No History of History of
Tuberculosis Tuberculosis
Characteristic (n=3) (n=0)
Male sex, no. (%) 1(33) 2 (33)
Age, mean, y 406y 413y
Recurrent tuberculosis, no. (%) NA 3 (50)
Time since HIV diagnosis, 6.78 (6.4-7.5) 6.4 (6.2-7.8)
median (IQR), y
Time since last completing NA 3.5(0.9-4.2)
tuberculosis treatment,
median (IQR), y

Abbreviations: HIV, human immunodeficiency virus; IQR, interquartile range; NA, not
applicable; y, year.

?Participant-level demographics are detailed in Supplementary Table 2.
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Figure 1. A, Gene expression data were used to cluster cells, using Seurat software with the Human Primary Cell Atlas reference. B, These data were also projected to the

Azimuth peripheral blood mononuclear cell reference and clustered as expected. When tuberculosis history was considered as a binary variable (never tuberculosis vs ever
tuberculosis), there were >40 differentially expressed genes (DE) with adjusted P < .05 and |log, fold change| > 0.25 in each of the following populations: CD4*, naive CD4",
CD8*, and naive CD8" T cells, naive and mature B cells, natural killer (NK) cells, and dendritic cells (DCs). C, In each cellular subset, there were genes with increased ex-
pression in the tuberculosis group (right side of the graph) and others with decreased expression (/eft side of the graph). Abbreviations: CTL, cytotoxic T lymphocytes; MAIT,
mucosal-associated invariant T; pDC, plasmacytoid DC; Treg, regulatory T; UMAP, Uniform Manifold Approximation and Projection.

was considered as a binary variable (never tuberculosis vs ever tu-
berculosis), there were >40 differentially expressed genes with
P,q;<.05 and |log,FC| > 0.25 in each of the following popula-
tions: CD4", naive CD4", CD8", and naive CD8" T cells, naive
and mature B cells, natural killer (NK) cells, and DCs (Figure 1C).

Differential Gene Expression and Pathway Analysis

In CD4" T cells, the significantly differentially expressed genes de-
lineated tuberculosis and no-tuberculosis groups in the principle
components analysis (Figure 2A). There were 349 differentially ex-
pressed genes with P,4; < .05 and [log,FC| > 0.25in CD4" T cells of
tuberculosis versus no-tuberculosis groups (Figure 2B). The top
GO biological pathways among genes upregulated in CD4+ T
cells in the TB group included "response to topologically incorrect
protein; and ;response to unfolded protein; (Figure 2C). The top

GSEA hallmark pathway (normalized enrichment score [NES],
2.97;P=6.1 X 10>) consisted of “genes regulated by NF-kB in re-
sponse to TNF [tumor necrosis factor]” [41].

There were 40 differentially expressed genes in CD8" T cells
for people with a history of tuberculosis but 237 in the naive
CD8" T-cell population (Supplementary Figure 2A and 2B).
The top GSEA hallmark pathway for naive CD8" was also genes
regulated by NF-«B in response to TNF (NES, 3.37; P =5.9 X
107%’). The top biological function GO pathway was “integrat-
ed stress response signaling; followed by “intrinsic apoptotic
signaling pathway; (Supplementary Figure 2C).

Naive B cells from people living with HIV with a history of tu-
berculosis had 96 differentially expressed genes (Supplementary
Figure 3A and 3B). The top GSEA hallmark pathway was TNF
signaling (NES, 3.24; P=6 x 10°"), and the top GO biological
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Figure 2. A, CD4" T cells cluster by tuberculosis status in principal components (PC) analysis of gene expression data. B, As shown in the heat map, there were 349
differentially expressed genes with adjusted P (P.g) < .05 and |log, fold change| > 0.25 in CD4" T cells of tuberculosis versus no-tuberculosis groups. C, The top Gene
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There were 195 genes upregulated in the TB group which overlapped with the genes used for the enrichment analysis. Abbreviation: mRNA, messenger RNA.
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were 68 differentially expressed genes at adjusted < .05 and |log, fold change| > 0.25 in DCs from the tuberculosis versus no-tuberculosis groups. Each row shows the
relative expression of each differentially expressed gene with the National Center for Biotechnology Information gene identifier shown to the right of each row. C, The
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Mann-Whitney U test for nonparametric data.

process pathways included ;negative regulation of protein phos-
phorylation; and ;phosphate/phosphorus metabolic processes;
(Supplementary Figure 3C). There were 202 differentially ex-
pressed genes in mature B cells (Supplementary Figure 4A and
4B), with the same top GSEA hallmark pathway (NES, 2.56;

P=3x10""%) and top biological process GO terms related to
translation regulation (Supplementary Figure 4C). Gene expres-
sion patterns clustered the tuberculosis versus no-tuberculosis
groups in principal components analysis for both naive and ma-
ture B cells (Supplementary Figures 3A and 4A).
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DCs from people living with HIV with history of tuberculosis
had 68 differentially expressed genes (Figure 3A and 3B).
Overrepresented GO pathways included responses to hydrogen
peroxide, oxidative stress, and reactive oxygen species
(Supplementary Figure 5A). The top GSEA hallmark pathway
for DC was also TNF signaling via NF-kB. Using the published
transcriptional markers of the DC clusters described by Villani
et al [26] with our data, most DCs were type 2 (DC2). There
was also a small cluster enriched for DC6, which includes the
pDCs (Supplementary Figure 5B). We were unable to perform
differential gene expression and pathway analysis comparing
in the

pDC-containing DC6 subset because of the small number of

the tuberculosis versus no-tuberculosis groups
pDCs in the no-tuberculosis group.

The TNF signaling via NF-kB pathway was the most signifi-
cantly overrepresented hallmark pathway in all immune cell
types, with >40 genes differentially expressed between the tu-
berculosis and no-tuberculosis groups. There were more cells
with enriched gene expression in the TNF signaling via
NF-kB pathway in the tuberculosis group (Figure 4A). The vi-
olin plot for each immune cell type is shown in Figure 4B. In the
expanded cohort described below, the plasma concentration of
TNF was significantly higher in the tuberculosis group (median
[interquartile range], 3.3 [1.7-6] vs 0.76 [0-2.1] pg/mL;
P =.002) (Figure 4C).

We subtyped DCs in a larger sample size of people living with
HIV with or without a history of tuberculosis using flow cytom-
etry. The final analyzed cohort (n = 29) consisted of 11 people liv-
ing with HIV with no history of tuberculosis and 18 with a history
of tuberculosis (Table 2), including the 9 who had FLEX
CITE-Seq. While there were no significant differences in propor-
tions of DC1 and DC2 (Supplementary Figure 5C and 5D) within
DCs, people with a history of tuberculosis had more pDCs as a
percentage of DCs (P = .01) (Figure 3C), including when the out-
lier in the tuberculosis group was excluded (P= 0.01). With tobit
regression and including sex as a covariate, the larger number of
pDCs in the tuberculosis group remained statistically significant
(P=.04). There was a higher concentration of IFN-a in plasma
from the tuberculosis group (P =.007) (Figure 3D). Because of
potential left censoring of IFN-o concentrations, we applied tobit
regression with and without sex as a covariate (both P=.01). The
IFN-o concentration was not correlated with the pDC percentage
(R=-0.05; P=.79) (Supplementary Figure 5E).

For the secondary analysis, 4 cytokines in the Luminex panel
were excluded because of >50% with levels below the lower limit
of calculation. After Bonferroni correction for the remaining
analyzable cytokines, our cutoff value for statistical significance
was P,g; <.004 (0.05/13). The cytokines that remained signifi-
cantly elevated in people living with HIV with a history of tuber-
culosis after Bonferroni correction were interleukin 2, 6, 12p70,
and 15, and TNF (Table 3, Supplementary Figure 6A-6D, and
Figure 4C). Each of these cytokines remained statistically

significant (P < .01) using tobit regression with tuberculosis as
the independent variable, indicating that the differences were
not confounded by left censoring of low cytokine values.

DISCUSSION

People living with HIV with a history of tuberculosis have
worse outcomes than those who have never had active tubercu-
losis. We tested our hypothesis that there was an immunologic
profile associated with tuberculosis history using PBMC
scRNA-Seq, DC phenotyping, and plasma cytokine quantita-
tion for people living with HIV with or without a history of tu-
berculosis. Immune pathways important for tuberculosis
control were enriched in the differentially expressed genes in
DCs from people living with HIV with versus without a history
of tuberculosis, so we then quantitated the proportions of DC
subtypes in circulating PBMCs. We found a significantly great-
er proportion of pDCs in people with a history of tuberculosis.
pDCs are a minority of circulating PBMCs (0.2%-0.5%) [42]
but produce up to 1000-fold higher IFN-o compared with other
cells [43]. Thus, small differences in pDC quantity, as we ob-
served, can impart large differences in inflammation.

As pDCs are involved in initial control of HIV as well as ac-
tivation of provirus-containing CD4" T cells [19], they may con-
tribute to higher levels of CD4" T cells containing intact HIV
provirus, as previously reported in people with history of tuber-
culosis [19]. One scRNA-Seq study of people living with HIV
with tuberculosis before treatment showed a distinct pDC pop-
ulation in the UMAP, but pDCs as a proportion of total PBMCs
did not differ from a no-TB group [14]. Rambaran et al [44] re-
ported a lower frequency of pDCs in people living with HIV
with tuberculosis compared with healthy controls, but this
was before treatment, and the comparison group was healthy
community controls. In scRNA-Seq of DCs from 4 men living
with HIV, there were 4 pDC subsets: pDC1, pDC2, a cytotoxic-
like pDC, and an exhausted pDC [45]. It was predicted that
pDC2 would produce IFN-a [45]. Our study did not have suffi-
cient numbers of pDCs to differentiate them into the 4 separate
pDC subsets, but this is an area for further investigation.

IFN-a and other type I IFNs promote host-protective re-
sponses during early Mtb infection but promote Mtb replica-
tion and destructive human pathologic immune responses
later in infection [46]. IFN-a inhibits the establishment of
HIV latency in CD4" T lymphocytes but also reverses latency
once established [47]. In people with pulmonary tuberculosis
without HIV coinfection, IFN-a expression may remain elevat-
ed at the end of 24 weeks of tuberculosis treatment [48, 49], but
studies do not generally extend into the posttreatment period.
Our findings suggest that elevated IFN-a levels persist even af-
ter effective treatment of pulmonary tuberculosis.

In addition to more pDCs and IFN-a, we found that people
living with HIV with history of tuberculosis had increased
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Figure 4. The top hallmark pathway for all cell types with >40 genes differentially expressed between the tuberculosis and no-tuberculosis groups was tumor necrosis
factor (TNF) signaling via the NF-«B gene. A, Violin plot shows the overrepresentation of this pathway in the tuberculosis (red) compared with the no-tuberculosis (b/ue) group.
B, This was also true when comparing expression of genes in this pathway between tuberculosis (red) and no-tuberculosis (b/ue) groups within the immune cell subsets,
except for the “other” cells. Abbreviations: DC, dendritic cell; NK, natural killer; NS, not significant. ***P < .001 (Wilcoxon test). C, As a correlate of the importance of this
pathway, we found increased plasma TNF levels in the tuberculosis group compared with the no-tuberculosis group. Plus signs (+++) indicate medians.
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Table 2. Characteristics of Participants With Dendritic Cell Subtyping
and Cytokine Assessment

No History of History of
Tuberculosis Tuberculosis
Characteristic (n=11) (n=18)
Male sex, no. (%) 5 (45) 8 (44)
Age, mean age (95% SD), y 42 (11.9) 45 (9.1)
Recurrent tuberculosis, no. (%) NA 9 (50)
Time since HIV diagnosis, 6.36 (4.7-7.9) 7.0 (56.9-9.7)
median in years (IQR), y
Time since last completing NA 3.0 (1.6-4.2)
tuberculosis treatment,
median (IQR), y

Abbreviations: HIV, human immunodeficiency virus; IQR, interquartile range; NA, not
applicable; y, year.

Table 3. Plasma Cytokine Levels in People With HIV With or Without a
History of Tuberculosis

Cytokine Level, Median (IQR), pg/mL

No History of History of Tuberculosis

Cytokine Tuberculosis (n=11) (n=18) P Value®
IFN-o 0(0-0.1) 0.28 (0.1-0.61) .007
IL-2 1.91 (0-6.24) 7.7 (6.19-15.87) .002
IL-6 3.1 (0-4.59) 8.3 (6.1-26.1) <.001
IL-12p70 0(0-0.8) 2.75 (1.24-6.38) <.001
IL-15 1.22 (0-3.81) 4.1 (3.2-9.4) .003
TNF 0.76 (0-2.1) 3.3(1.7-6) .002

Abbreviations: IFN, interferon; IL-2, IL-6, IL-12p70, and IL-15, interleukin 2, 6, 12p70, and 15;
TNF, tumor necrosis factor.

2P values based on Mann-Whitney U test for nonparametric data.

expression of genes regulated by NF-kB in response to TNF in
nearly all immune cellular subsets examined. Higher plasma
TNF levels in those with a history of tuberculosis supports
the significance of this pathway in that population. In addition
to higher TNF levels, there were higher levels of IFN-a and in-
terleukin 2, 12p70, 6, and 15 in plasma, all proinflammatory cy-
tokines associated with immune activation.

Strengths of the study include leveraging PBMC:s collected in
clinical settings from people who have had HIV infection for
years to see the long-term impact of well-controlled HIV on
the immune milieu. This is critical since cell lines infected in
the laboratory do not recapitulate the biology of natural infec-
tion [50]. Although our sample size was small, we had >80%
power to detect statistically significant differences in gene ex-
pression with FLEX CITE-Seq. Our study design was strength-
ened by matching tuberculosis case patients and
no-tuberculosis controls by sex, age, and time since HIV diag-
nosis. In addition, all participants were recruited from the same
geographic area and had similar socioeconomic circumstances,
which helps control for the impact of unquantifiable variables
on our findings.

Limitations of the study include the single time point of
immune phenotyping, which was years after tuberculosis
treatment, so we could not assess the temporality of the im-
mune changes. Another limitation is the size of the cohort
who received CITE-Seq. However, even with a small sample
size, we had 80% power to detect differential gene expression
in CD4" T cells in PBMCs. In addition, to confirm the find-
ings we saw in immune cells, we designed a more expansive
study of DC phenotypes and circulating cytokines powered
for differences in pDCs seen in the original cohort of 9
people.

We were not able to include nadir CD4" T-cell count or peak
HIV viral load as a covariate in these analyses because our par-
ticipants were recruited from a clinical setting with significant
obstacles to frequent CD4" T-cell counts and viral load mea-
surements. We include the measured nadir CD4" T-cell count
available but did not include these counts as covariates because
we know that they are not actual nadirs based on the timing of
the blood collection relative to HIV diagnosis and the start of
antiretroviral therapy start. Despite this limitation, we believe
it is imperative to include people in translational HIV research
who do not have access to CD4 monitoring because of the re-
sources available where they live. This is especially important as
we understand more about the impact of coinfections such as
M. tuberculosis, which may be endemic in these areas, for peo-
ple living with HIV.

These findings of distinct immunologic profiles among people
living with HIV with a history of treated tuberculosis are impor-
tant for understanding the long-term sequelae of tuberculosis
coinfection. We propose additional studies to determine why
pDCs remain elevated in people living with HIV after tuberculo-
sis cure, deep phenotyping of DCs to determine their contribu-
tion to the elevations in proinflammatory cytokines during
tuberculosis and after tuberculosis cure, and studies to determine
the role of continued environmental tuberculosis antigen expo-
sure on systemic inflammation. We will investigate whether
there is an expansion of Mtb-specific immune cells by phenotyp-
ing Mtb-stimulated PBMCs and characterizing the T cell recep-
tor and B cell receptor repertoire, comparing people with versus
without a history of pulmonary tuberculosis. Our findings are an
additional piece of the puzzle of why people living with HIV with
a history of tuberculosis have worse clinical outcomes even after
tuberculosis cure.

Supplementary Data

Supplementary materials are available at The Journal of

Infectious Diseases online (http://jid.oxfordjournals.org/).
Supplementary materials consist of data provided by the author
that are published to benefit the reader. The posted materials
are not copyedited. The contents of all supplementary data
are the sole responsibility of the authors. Questions or messages

regarding errors should be addressed to the author.
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