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s u m m a r y   

Tuberculosis (TB), caused by Mycobacterium tuberculosis (Mtb) infection, is currently the deadliest infectious 
disease in human that can evolve to severe forms. A comprehensive immune landscape for Mtb infection is 
critical for achieving TB cure, especially for severe TB patients. We performed single-cell RNA transcriptome 
and T-cell/B-cell receptor (TCR/BCR) sequencing of 213,358 cells from 27 samples, including 6 healthy 
donors and 21 active TB patients with varying severity (6 mild, 6 moderate and 9 severe cases). Two 
published profiles of latent TB infection were integrated for the analysis. We observed an obviously elevated 
proportion of inflammatory immune cells (e.g., monocytes), as well as a markedly decreased abundance of 
various lymphocytes (e.g., NK and γδT cells) in severe patients, revealing that lymphopenia might be a 
prominent feature of severe disease. Further analyses indicated that significant activation of cell apoptosis 
pathways, including perforin/granzyme-, TNF-, FAS- and XAF1-induced apoptosis, as well as cell migration 
pathways might confer this reduction. The immune landscape in severe patients was characterized by 
widespread immune exhaustion in Th1, CD8+T and NK cells as well as high cytotoxic state in CD8+T and NK 
cells. We also discovered that myeloid cells in severe TB patients may involve in the immune paralysis. 
Systemic upregulation of S100A12 and TNFSF13B, mainly by monocytes in the peripheral blood, may con
tribute to the inflammatory cytokine storms in severe patients. Our data offered a rich resource for un
derstanding of TB immunopathogenesis and designing effective therapeutic strategies for TB, especially for 
severe patients. 

© 2023 The Author(s). Published by Elsevier Ltd on behalf of The British Infection Association. This is an 
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).   

Introduction 

Mycobacterium tuberculosis (Mtb), the causative agent of tu
berculosis (TB), infects approximately one-quarter of the world’s 
population.1 It is the leading cause of death worldwide due to a 
single infectious agent with approximately 1.5 million deaths each 
year. Although the majority of Mtb-infected individuals are asymp
tomatic (latent TB infection, TBI), 5–10% of infected individuals will 
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progress to active TB disease during their lifetime, with a range of 
lung and thoracic lymph node involvement or even extrapulmonary 
manifestations.2 

In active TB (e.g., active pulmonary TB; PTB), many patients ex
perience only mild or moderate symptoms, while some TB patients 
progress to severe disease or death. In particular, severe TB that 
requires ICU (intensive care unit) admission generally presents as 
respiratory failure, and despite the availability of effective therapies, 
mortality rates remain between 15.5% and 65.9%.3 Therefore, it is 
important to understand the host immune response during TB dis
ease to better design prognostic and diagnostic markers as well as to 
devise appropriate therapeutic interventions for TB patients with 
severe disease presentation. 

Mtb infection and the anti-Mtb host immune response interact in 
vivo and shape disease severity as well as clinical outcomes, especially 
for severe TB cases. One of the major barriers in devising effective 
strategies to prevent and control Mtb infection is our incomplete un
derstanding of the host-Mtb interaction. Thus, a comprehensive im
mune landscape, which characterizes the anti-Mtb and pathogenic 
immune responses in TB patients as well as dissect the potential 
changes related to disease severity, is urgently needed. 

scRNA-seq (single-cell RNA sequencing), which is powerful at 
dissecting the immune responses, has been applied to study pa
thogen infections such as COVID-19.4 Additionally, analysis of 
human peripheral blood immune cells can provide insights into the 
coordinated immune response to pathogen infections such as Mtb. 
Herein, we implemented scRNA-seq to obtain an unbiased visuali
zation of the comprehensive immune responses in PBMCs (periph
eral blood mononuclear cells) from patients with active TB with mild 
to severe symptoms, and patients in TBI stage as well as health 
controls (Fig. 1A). Our study depicts a high-resolution transcriptomic 
landscape of peripheral immune cells during disease progression of 
active TB, and we observed critical changes to severe TB patients, 
such as peripheral lymphopenia, significant activation of cell apop
tosis pathways, widespread immune exhaustion, etc. Particularly, 
our data also presented a resource to unveil the features of cytokine 
storms in severe patients. Collectively, our findings will fill the gap in 
our comprehensive understanding of the pathogenic and protective 
immune responses of TB and provide potentially novel therapeutic 
targets, especially for severe TB patients. 

Materials and methods 

Study design and participants 

Adults suspected to have TB were prospectively recruited and 
sampled at Beijing Chest Hospital (Beijing, China), which is the only 
national-level TB referral center in China. For TB cases, the inclusion 
criteria were: (1) with bacteriological evidence by culture or Xpert 
from sputum; (2) administered anti-TB drug for ≤3 days in the past 6 
months. The exclusion criteria were: (1) had autoimmune disease; 
(2) had malignant tumors; (3) undergoing immunosuppressive 
therapy; (4) pregnant. For healthy controls, the inclusion criteria 
were: (1) negative for interferon gamma release assay; (2) with 
normal X-ray findings. 

Clinical severity classification 

X-ray or plain chest radiographs were obtained for all recruited 
patients. The radiographic extent of disease was graded into 
“Minimal,” “Moderate” or “Advanced” stages, using a previously 
published decision tree,5,6 based on the extent of lesions and pre
sence of cavitation and pleural effusion. Minimal lesions: had only 
abnormal lymph node/hilar enlargement or cumulative area less 
than 1/3 of one lung, no cavitation, no effusion. Moderate lesions: 
had lesions of slight to moderate density of total extent not greater 

than 1/2 whole lung, or dense and confluent lesions occupying less 
than 1/3 of one lung, or cavitation up to 4 cm, or pleural effusion 
extending to less than within 2 cm of carina. Advanced lesions: le
sion density exceeds criteria for moderate. The radiographic findings 
were combined with measures of inflammation (baseline levels of C 
reactive protein, CRP) and hypoxemia (peripheral pressure of 
oxygen, PO2, or oxygen index) to define the disease clinical severity. 
Mild TB: had minimal lesions, or moderate lesions and CRP  <  25 mg/ 
L, PO2 ≥ 80 mmHg. Moderate TB: Moderate or Advanced lesions, and 
25 mg/L ≤ CRP  <  75 mg/L, and PO2 ≥ 80 mmHg. Severe TB: Advanced 
lesions, and CRP ≥ 75 mg/L, and PO2 <  80 mmHg or oxygen index  <  
300 mmHg. 

Sample collection 

Supplementary Table 1 summarizes the characteristics of parti
cipants assessed in our study. The fresh blood samples from 6 
healthy donors and 21 active TB patients (6 mild, 6 moderate and 9 
severe patients) were immediately subjected to peripheral blood 
mononuclear cells (PBMCs) isolation using standard density gradient 
centrifugation. Cell viability was measured using the Countstar cell 
viability detection kit. The cell viability was >  90 % for each sample 
and thus underwent cell encapsulation to generate the 5′ gene ex
pression profiles, B cell receptor (BCR) and T cell receptor (TCR) data 
using the 10 × Genomics single-cell transcriptome platform. Ampli
fied cDNA was generated using a commercial emulsion-based mi
crofluidic platform (Chromium 10×) and this cDNA was used for 
preparing both the single-cell RNA-seq libraries and BCR/TCR target 
enrichment and sequencing. 

Single-cell RNA library preparation and sequencing 

Using Chromium Single Cell 5′ Library, Gel Bead and Multiplex 
Kit, and Chip Kit (10× Genomics), cell suspensions were barcoded 
through the 10× Chromium Single Cell platform. Single-cell RNA li
braries were prepared using the Chromium Single Cell 5′ Kit v2 (10× 
Genomics; PN-1000263), Chromium Single Cell V(D)J Reagent kits 
(10 × Genomics, PN-1000252(TCR), PN-1000253(BCR)) according to 
the manufacturer’s instructions. The libraries were sequenced on the 
Illumina Novaseq 6000 sequencer (2 × 150 bp). Fastq files were 
generated using the CellRanger (v.5.0.0) mkfastq command. 

Quantification and statistical analysis 

Single-cell RNA-seq data analysis 

Single-cell RNA-seq data were processed as previously de
scribed.4,7 Briefly, raw and filtered gene expression matrices were 
generated using the kallisto/bustools (kb v0.24.4) pipeline. The fil
tered feature, barcode and matrix files were then analyzed in python 
(v3.8.10) using the anndata (ad) (v0.7.6) and scanpy (sc) (v1.7.2) 
packages. The data files of all 27 samples and previous scRNA-seq 
dataset of 2 PBMC samples from individuals with TBI were merged 
together using the ad.concat function.8,9 Low-quality cells and po
tential doublets were then filtered and gene expression matrix were 
normalized by library size to 10,000 reads per cell as described in 
Wang et al.9 

Gene features with high cell-to-cell variation in the data were 
prioritized using the sc.pp.highly_variable_genes function to select 
the consensus set of 1500 most highly-variable genes (HVGs) as 
previously described.4 Integration of different datasets was per
formed as described in Wang et al.9 using dimension reduction by 
principal component analysis (PCA) to 20 PCA components, batch 
effect correction by Harmony algorithm,10 fast, sensitive and accu
rate integration of single-cell data with Harmony and unsupervised 
clustering using Louvain algorithm.11,12 
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Cell clustering and annotations 

Unsupervised clustering of cells was performed using sc.tl.lou
vain at different resolutions using the neighborhood relations of 
cells and consisted of two rounds. The first round (Louvain resolu
tion = 2.0) identified 10 major cell types including CD4+ T cells, CD8+ 

T cells, gamma delta T cells, MAIT cells, NK cells, B cells, plasma B 
cells, monocyte cells, dendritic cells, Megakaryocytes. The second 
round (with Louvain resolution 2.0) subdivided CD4+/CD8+ T, B, 
monocyte, NK and DC cells into sub-clusters representing distinct 
immune cell lineages within each major cell type. Each sub-cluster 
was manually confirmed according to canonical marker genes. 
Cluster-specific signature genes were identified using the 
sc.tl.rank_genes_groups function. Cluster annotation was performed 
by manually matching canonical cell marker genes with Cluster- 
specific signature genes. Both canonical marker genes and cluster- 
specific highly expressed signatures are provided in the main text. 

Cell state score of cell subtypes 

Following cluster annotation, the overall activation level or 
physiological activity of cell clusters was compared using defined 
gene sets. The inflammatory response and exhaustion response gene 
sets were collected from published studies4,13–15 while the Leuko
cyte Migration gene set (GO:0050900) was collected from the 
MsigDB database and previous reports.13–15 The cytotoxicity score 
was defined using 17 cytotoxicity-associated genes (PRF1, IFNG, 
GNLY, NKG7, GZMA, GZMB, GZMH, GZMK, GZMM, KLRK1, KLRB1, 
KLRD1, FCGR3A, FGFBP2, ZEB2, CTSW and CST7). The cell state scores, 
defined as the average expression of the genes from the predefined 
gene set with respect to reference genes, were calculated using the 
Scanpy sc.tl.score_genes function. Comparison of the cell state score 
of one condition versus another condition was statistically tested 
using the t-test method. 

TCR and BCR V(D)J immune repertoire sequencing and analysis 

Following the manufacture’s protocol (10× Genomic), full-length 
TCR/BCR V(D)J segments were obtained from amplified cDNA via PCR 
amplification from 5′ libraries using a Chromium Single-cell V(D)J 
Enrichment kit (10 × Genomics, PN-1000005 (TCR), PN- 
1000016(BCR)). Demultiplexing, gene quantification and BCR/TCR 
clonotype assignment were conducted using Cell Ranger (v.6.0.0) vdj 
pipeline with GRCh38 as reference. V(D)J immune repertoire was 
analyzed by the python-toolkit Scirpy as previously described.9 

Statistics 

Statistical analysis and visualizations were performed in python 
and are provided with the results in the main text, in the figure le
gends or in the above Methods sections. The following symbols were 
used to indicate statistical significance for all figures: 

ns: p  >  0.05. 
*: p ≤ 0.05. 
**: p ≤ 0.01. 
***: p ≤ 0.001. 
****: p ≤ 0.0001. 

Code availability 

Experimental protocols and the data analysis pipeline used in 
this study follow the 10× Genomics and Scanpy official websites. 
Analysis steps, functions and parameters are described in detail in 
the Methods section. Custom scripts for analyzing data are available 
upon reasonable request.    

Software and algorithms 

Software Source Identifier  

annadata pypi https://github.com/theislab/anndata 
CellRanger v3.x 10 × 

Genomics 
http://10xgenomics.com 

ggplot bioconductor https://ggplot2.tidyverse.org 
ggpubr bioconductor https://github.com/kassambara/ggpubr 
gseapy-0.10.7 pypi https://pypi.org/project/gseapy 
harmonypy pypi https://github.com/slowkow/harmonypy 
kallistobustools- 

0.24.4 
pypi https://github.com/pachterlab/kb_python 

Modular, efficient and constant-memory 
single-cell RNA-seq preprocessing. Nat 
Biotechnol 39, 813–818 (2021). 

scanpy v1.7.2 bioconda https://github.com/theislab/scanpy 
scirpy v0.7.0 bioconda https://github.com/icbi-lab/scirpy 
scrublet v0.2.3 pypi https://github.com/swolock/scrublet 
statannot pypi https://pypi.org/project/statannot  

Results 

Integrated analysis of TB scRNA-seq data 

We generated single-cell transcriptome, TCR (T cell receptor) and 
BCR (B cell receptor) data from PBMCs (peripheral blood mono
nuclear cells) from 21 active tuberculosis (TB) patients with mild 
(n = 6), moderate (n = 6) and severe (n = 9) disease (Fig. 1). Controls 
included healthy donors (HDs, n = 6) and individuals with latent TB 
infection (TBI, n = 2). The single-cell transcriptional profiles for TBI 
were collected from a previous report.8 Thus, the 29 participants 
were classified into five conditions: healthy donors (HD), TBI (LT), 
mild (MI), moderate (MO) and severe (SE). The laboratory findings 
and clinical features of 21 enrolled active TB patients are detailed in  
Table S1. We obtained in total 213,358 cells from 29 samples. Fol
lowing computational doublet removal, 185,019 cells passed quality 
control (QC; see methods), including 125,444 cells from 21 active TB 
patients, 42,508 cells from 6 HDs and 17,067 cells from individuals 
with TBI. On average, there were 6400 cells from each PBMCs sample 
(Fig. 1B). 

Following clustering, ten major cell types, including B cells, 
plasma B cells, CD4+T cells, CD8+T cells, NK (natural killer cells), DCs 
(dendritic cells), MAIT (mucosal-associated invariant T cells), 
monocytes, megakaryocytes and γδ T cells, were manually annotated 
based on the RNA expression of canonical marker genes and variable 
genes (Fig. 1C, Fig. S1, Table S2), with an additional 40 cell subtypes 
identified following subclustering (Fig. 1D, Fig. S1, Tables S3–7). 
Clusters unique to our data included two proliferating CD8+ T cells, 
NK and monocyte cell subpopulations (Fig. 1D, Fig. S2, Tables S3–7). 
Cell clusters (n = 10) or subclusters (n = 40) reported here covered 
diverse cell types in the peripheral blood (Fig. 1B–C), and this in
formation-rich resource was used for accurate annotation and ana
lysis of these cell types at different resolutions (Fig. 1, Figs. S1–2,  
Tables S2–7). 

Fig. 1. Study design and overall results of single-cell transcriptional profiling of PBMCs from participants. A. Schematic diagram of the overall study design. 29 subjects, including 
6 healthy donors, 21 active TB patients and 2 latent TB individuals. For the integrative analysis (right panel), the UMAP projection (Left) highlights the 5 conditional samples with 
different colors. Cells are colored according to the 5 conditions. B, Bar plot shows the log10 transformed cell number of each sample. Green represents six healthy donors, pink 
represents six active TB patients with mild disease, yellow represents six active TB patients with moderate disease, red represents nine active TB patients with severe disease, and 
gray represents two individuals with latent TB. C. The clustering result (Left row) of ten major cell types (right row) from 29 individuals. Each point represents one single cell, 
colored according to cell type. D. The clustering result (Left row) of 40 cell subtypes (Right row) from 29 individuals. Each point represents one single cell, colored according to cell 
type. E. Disease preference of major cell clusters estimated by RO/E. F. Heatmap for q values of ANOVA for disease severity. 
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Obvious differences could be found based on uniform manifold 
approximation and projection (UMAP) (Fig. 1A). The disease pre
ference of each major cell cluster was pictured based on RO/E, i.e., the 
ratio of observed cell numbers to randomly expected cell numbers 
employed for eliminating the technical variations on disease pre
ference estimation (Fig. 1E).16 Notably, monocytes and mega
karyocytes were more enriched in severe TB patients (Fig. 1E), and 
the frequency of monocytes in PBMCs could reach ∼ 90% (SE_2) in 
severe TB patients, but none of the individuals in HD and LT condi
tions could reach 20% (Fig. S2). In contrast to monocytes and 
megakaryocytes that were increased in PBMCs, most immune cells, 

including DCs and various lymphocytes (e.g., NK, CD4+T, CD8+T, MAIT 
and γδ T cells), were seriously depleted in severe TB patients (Fig. 1E), 
suggesting lymphopenia in severe TB patients. Accordingly, increase 
of monocytes as well as decrease of various clusters of lymphocytes 
in severe TB patients has been supported by clinical blood cell counts 
(Table S1) and previous flow-cytometry-based analysis.17,18 Likewise, 
we also employed analysis of variance (ANOVA) to dissect the as
sociations of disease severity with the compositional changes of 
major immune cell clusters. Diverse innate immune cell clusters 
(e.g., NK, monocytes, megakaryocytes) were associated with TB se
verity, exhibiting obviously association with severe TB patients 

Fig. 2. Associations of TB severity with cellular compositions in PBMCs. A. Heatmap for q values of ANOVA. Disease severity: healthy donors, latent TB infection, mild, moderate 
and severe. B. Disease preference of 40 cell subclusters estimated by RO/E. C. Density plots show the UMAP projection of peripheral Mono_CD14 cells from TB patients and healthy 
controls. D. Box plots of the expression of selected genes (C1QA, C1QB, C1QC, C2) in Mono_CD16-C1QA across conditions. E. Heatmap of normalized expression for selected genes 
in Mono_CD14–CD16 across conditions. Student’s T-test was applied to test significance in D. *p  <  0.05, **p  <  0.01, ***p  <  0.001, ****p  <  0.0001, nsp  >  0.05. 
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(Fig. 1F). These results suggested that lymphopenia might be one 
prominent feature of severe TB patients. 

Association of disease severity with various immune cell compositions 

The information-rich resource enabled us to investigate the 
compositional changes in various cell subclusters, i.e., using RO/E 

analysis, and examine the associations of disease severity with the 
compositional changes of cell subtypes, i.e., using ANOVA analysis 
(Fig. 2, Fig. S3). After testing correction, significant associations were 
observed (Fig. 2A). Notably, most T and NK cell subsets were de
creased in severe TB patients and showed obvious associations with 
severe disease (Fig. 2A–B). We first observed that Th1 and Th17 cell 
subtypes displayed obvious association with severe TB status 
(Fig. 2A). Th1 subtype highly expressed TBX21 and IFNG, and Th17 
highly expressed CCR4, RORC and CCR6, (Fig. S1, Table S3), validating 
both clusters as Th1 and Th17 cells, respectively. Both Th1 and Th17 
cells were decreased in severe TB patients (Fig. 2B), which might 
lead to an inadequate Th1- and Th17-response in severe patients. 
Treg, marked by FOXP3 and IL2RA, was also decreased and showed an 
association with severe patients (Fig. 2A–B), implying a potential 
imbalance immune response in severe TB individuals. 

Diverse proliferative T and NK cell subtypes, characterized by 
high levels of MKI67, displayed different associations with TB se
verity (Fig. 2A). Two proliferative CD8+T cell subsets were confirmed, 
with CD8_Pro_GNLY characterized by high GNLY and 
CD8_Pro_GZMK characterized by high GZMK and low GNLY, among 
others (Fig. S1). CD8_Pro_GNLY subset was enriched in active TB 
patients, particularly in those with severe disease (Fig. 2B, Fig. S3A), 
while CD8_Pro_GZMK was elevated in patients with moderate and 
severe disease (Fig. 2B, Fig. S4A). The increase of CD8_Pro_GNLY and 
CD8_Pro_GZMK clusters appeared to be derived from effector 
memory CD8 cells (CD8_Tem) and effector CD8 cells 
(CD8_Te_GZMK) based PAGA (partition-based graph abstraction) 
analysis (Fig. S4B).7 CD8_Tem, expressing relatively high levels of 
GPR183, S100A4, GZMA, GZMB, GZMH, GZMK and GNLY, as a major 
source of proliferative CD8+T cells, was decreased in severe TB pa
tients and showed an obvious association with severe disease 
(Fig. 2A–B, Fig. S4A). This augment in proliferative CD8+T cells and 
decrease in their precursor cells in severe TB patients partially 
suggested that those patients with severe disease might be relative 
to the dichotomous and incomplete adaptive immunity, particularly 
in CD8+T cell-mediated immunity. One proliferative NK cell subset 
(NK_Pro) was identified and decreased in severe TB patients, which 
exhibited an association with those with severe disease (Fig. 2A–B,  
Fig. 4SC). The PAGA analysis indicated several nodes (e.g., NK_Pro 
cluster) with high connectivity between NK cell subtypes that sug
gested potential trans-differentiation bridges (Fig. S4D). Particularly, 
the proliferative NK cells appeared to be an intermediate state, 
which connected to all NK subsets with immature/naïve clusters to 
activated NK clusters (Fig. S4D). In addition, we also found high 
connectivity between NK_Pro and NK_CD160 as well as NK_Pro and 
NK_Naïve (Fig. S4D). These data inferred that NK_Pro may serve as 
intermediate cell populations in the PBMCs, which could be valuable 
for therapeutic means targeting NK_pro cells. In addition, NK_Naïve 
cluster, expressing high levels of CCR7, SELL, LEF1 and TCF7 genes, as 
a unique source of NK_Pro cells, were decreased and showed an 
association with severe TB patients (Fig. 2A–B, Fig. S4E). Taken to
gether, the variations of proliferative cells, including proliferative 
CD8+T and NK cell subsets, in distinct severity may suggest the 
complexity of CD8+T and NK cell responses induced by Mtb infection, 
particularly in severe disease. 

For myeloid cells, we found that their composition in severe TB 
patients differed from that of healthy controls, moderate, mild and 
TBI cases (Fig. 2A–B). In contrast to most T and NK cells that de
creased in severe TB patients, most myeloid cell clusters enriched in 

TB patients with moderate and severe symptoms, particularly in 
those with severe disease (Fig. 2A–B). Mono_CD14 (classical CD14+ 

monocyte), the largest monocyte cluster in PBMCs, was associated 
with severe TB patients and more enriched in this disease status 
(Fig. 2A–B). The differential UMAP projection patterns of 
Mono_CD14 cells between severe TB patients and other disease 
conditions (moderate, mild, TBI and healthy control) might suggest 
perturbed transcriptome features (Fig. 2C). Mono_CD16-C1QA cells, 
as the unique source of C1 complement components and the major 
source of peripheral complement components (Fig. S4F), showed an 
association with severe TB patients and significant enrichment in 
those with severe disease (Fig. 2A–B, Fig. S4G). Genes encoding 
complement components, especially for different C1Q chains (C1QA, 
C1QB and C1QC) and the C2 chain, were expressed at higher levels in 
Mtb-infected individuals (particularly in those with severe disease) 
compared to healthy donors (Fig. 2D), suggesting that the addition of 
C1QA, C1QB, C1QC and C2 to current biomarker panels might offer 
added value in the diagnosis of TB.19 Importantly, patients with se
vere disease had the highest expression levels of genes encoding 
C1QA, C1QB and C1QC chains (Fig. 2D), indicating that C1QA, C1QB 
and C1QC might provide value in the prediction of disease severity. 

Mono_CD14–CD16 cluster (intermediate CD14+CD16+ monocyte), 
which was elevated in severe TB patients, exhibited as an obvious 
association with severe disease (Fig. 2A–B, Fig. S4G). Particularly, 
decreased levels of HLA-DRA, HLA-DRB1 and HLA-DRB5 as well as 
increased levels of S100A8, S100A9 and S100A11 in Mono_CD14–CD16 
from severe TB patients were observed (Fig. 2E), indicating that 
Mono_CD14–CD16 cells from severe TB patients were myeloid-de
rived suppressor cells (MDSCs). MDSCs are a population of hetero
geneous immature myeloid cells which expand during inflammatory 
conditions to suppress T cell responses.20,21 For peripheral blood, 
monocytic MDSCs (mMDSCs) exhibit the phenotype CD14+HLA-DR-/ 

low, while CD14-expressing monocytes are HLA-DR positive.22,23 

Downregulation of HLA-II molecules, elevated calprotectin (e.g., 
S100A8, S100A9, S100A11), and immune-suppressive functions are 
hallmarks of MDSCs. Using the expression scores of HLA-II molecules 
(lower levels) and calprotectin (higher levels) vs the expression 
scores in healthy controls, TBI, mild and moderate patients, we 
identified that the Mono_CD14–CD16 subtype in severe TB patients 
highly resembled MDSCs (Fig. 2E). Other CD14-expressing mono
cytes including Mono_CD14, Mono_CD14–CD83 and 
Mono_CD14–CD16–CD83, did not display features of MDSCs in se
vere TB patients or Mtb-infected individuals (Fig. S4H). These results 
indicate that the emergence of MDSC-like monocytes 
(Mono_CD14–CD16) might be involved in the immune paralysis of 
severe TB patients. 

Depletion of Th1 response and T cell exhaustion in severe TB patients 

We then analyzed the expression features in T cells. Among the T 
cell subsets, Th1 cells are thought to play a key role in controlling 
Mtb infection by secreting cytokines such as IFN-γ and TNF. The 
expression of Th1 cytokine IFN-γ was significantly higher in mild, 
moderate and TBI conditions than in healthy controls, while the 
upregulated expression of IFN-γ was not observed in patients with 
severe disease (Fig. 3A). Similar results for IFN-γ expression were 
also observed in NK cells, which are another source of IFN-γ (Fig. 3B). 
Besides IFN-γ, TNF is involved in granuloma formation, and plays a 
crucial role in killing intracellular Mtb through reactive nitrogen 
intermediates together with IFN-γ.24 In severe TB, the expression of 
TNF in Th1 and NK cells was not significantly upregulated compared 
to healthy controls, while its expression was significantly elevated in 
mild and moderate TB (Fig. 3A–B). Likewise, we also did not find 
increased expression of Th1 signatures in severe TB patients 
(Fig. 3C). These results indicate that lower levels of IFN-γ and TNF 
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expression may contribute to the ineffective immune defense to Mtb 
infection in patients with severe disease. 

Th17 cells secrete IL17, IL-17F, IL-21 and IL22 cytokines which 
stimulate defensin production and recruit monocytes and neu
trophils to the site of inflammation. We did not observe elevated 
expression of Th17 cytokines and Th17 gene signatures in severe TB 
patients compared to these with mild and moderate disease (Fig. 3C,  
Fig. S5A), implying a potential dysfunction of Th17 response in se
vere disease. Th2 cells produce cytokines IL-4, IL-5, IL-13 and IL-25 
which promote antibody generation but suppresses the Th1 immune 
response. We did not find significant differences in Th2-cytokine 
expression between active TB and healthy controls (Fig. S5B). Treg 
cells secrete IL-10 and TGF-β to downregulate CD4+T cell responses, 
inhibit T cell cytokine production, suppress the effector-immune 
response, and can induce Mtb dissemination and disease manifes
tation.25 We also did not observe significant upregulation in active 
TB patients (Fig. S5C). These results suggest that depleted Th1 and 
Th17 immune response in severe patients may be not associated 
with Th2 and Treg immune suppression. 

We next investigated the potential factors related with dys
functional Th1 immune response in severe TB patients. Recent stu
dies suggested that T-cells become dysfunctional in chronic 
pathogen infection, commonly referred to as immune exhaus
tion.26,27 Here, we sought to explore the potential sources of T cell 
exhaustion in TB patients. We first defined an exhaustion response 
score and exhaustion score for each activated T cell based on the 
expression of the collected exhaustion response genes and reported 
exhaustion markers (Table S8), respectively, and used these two 
interrelated scores as indicators to evaluate the potential contribu
tion to T cell exhaustion for each activated T cell subsets. We found 
significant upregulated expression of exhaustion response and ty
pical exhaustion marker genes in activated CD4+T and CD8+T cells 
from active patients, especially in severe patients (Fig. 3D). Seven T 
cell subsets, including Th1, Treg, CD8_Pro_GNLY, CD8_Pro_GZMK, 
CD8_Te_GNLY, CD8_Te_GZMK and CD8_Tem, were detected with 
significantly higher exhaustion response and exhaustion scores 
based on our scRNA-seq data (Fig. S5D), suggesting these subsets 
might be major exhausted T cells. 

Interestingly, Th1 cells, which play a cardinal role in protective 
immunity against Mtb, showed a higher exhaustion state in severe 
TB patients compared to all other conditions (Fig. S5D). Th1 cells in 
severe TB patients had high expression of multiple inhibitory mo
lecules, including PD-1(PDCD1), Tim-3 (HAVCR3), BTLA, KLRG1 and 
CD200 (Fig. 3E). In particular, PD-1 interacts with PDL-1/PDL-2, Tim-3 
with galectin-9 and BTLA with HVEM (also known as TNFRSF14), 
which recruits the tyrosine-protein phosphatase SHP1 (also known 
as PTPN6) and/or SHP2 (also known as PTPN11) by their intracellular 
domains (ITIM, immunoreceptor tyrosine-based inhibitory motif; 
ITSM, immunoreceptor tyrosine-based switch motif).28 As such, the 
binding of inhibitory molecules in Th1 cells to their ligands could 
result in inhibition of LAT-Zap70 and PI3K-AKT signaling, leading to 
decreased cell proliferation and cytokine production (IFN-γ, TNF) 
(Fig. 3A). In addition, significant elevated expression of the key 
transcriptional factor PRDM1 was found in Mtb-infected individuals 
compared with healthy donors (Fig. S5E). High PRDM1 expression 
has been linked to increased inhibitory receptor expression and re
duced polyfunctionality for exhausted cells.27 Treg cells also showed 
a high exhaustion state in severe TB, while the roles of exhausted 

Treg cells will need further investigation. These data suggest that 
exhausted Th1 cells may play an important role in driving its im
mune dysfunction in severe TB patients. 

Besides Th1 and Treg clusters, all activated CD8+ T cell subsets 
also had a high exhaustion state in active TB patients, particularly in 
severe disease (Fig. 3D, Fig. S5D). We found that activated CD8+ T cell 
subsets highly expressed those genes encoding surface inhibitory 
receptors (PDCD1, LAG3, CTLA4) in TB patients, especially in severe 
patients (Fig. 5SF). Furthermore, the expression of exhaustion-linked 
inhibitory molecules was not uniform across different activated 
CD8+T cell subsets with each exhausted CD8+T cells co-expressing 
multiple inhibitory receptors (Fig. S5G). CD8_Pro_GNLY highly ex
pressed TIGIT, LAG3 and HAVCR2, CD8_Pro_GZMK with PD-1, TIGIT, 
LAG3, HAVCR2, BTLA and CD244, CD8_Te_GNLY with PD-1, CTLA4, 
HAVCR2, BTLA and CD80, CD_Te_GZMK with PD-1, LAG3, CTLA4 and 
HAVCR2, and CD8_Tem with TIGIT, LAG3, CTLA4, HAVCR2, BTLA and 
CD80 (Fig. S5G). Similar to exhausted CD4+T cells, inhibitory re
ceptors in exhausted CD8+T cells interact with their ligands (CD244 
with CD48) to inhibit PI3K-AKT, LAT-ZAP70 and C3G-Rap signaling 
by recruiting SHP1 and/or SHP2. This leads to decreased proliferative 
potential and cytokine production (e.g., IFN-γ).29 Consistent with the 
results above, CD8+T cells in TB patients had a relatively lower ex
pression of IFNG (Fig. S5H). In addition, elevated expression of SPH1 
and PRDM1 was found in Mtb-infected individuals compared with 
healthy donors, particularly in severe patients (Fig. S5I). This may 
further enhance inhibitory receptor expression and reduce poly
functionality in exhausted CD8+T cells. This data demonstrates that 
activated CD8+T cell subsets from active TB patients, especially for 
severe patients, had a high exhaustion status which might be asso
ciated with functional impairment in controlling Mtb infection. 

We then evaluated the cytotoxicity scores of different effector T 
cell subsets across five conditions (Fig. 3 and Fig. S6). The effector 
CD4+T cell subset (CD4_Tem) showed higher cytotoxicity scores in 
TBI condition while patients in severe conditions had the lowest 
cytotoxicity scores (Fig. 3F). This implies that a higher cytotoxicity 
state in effector CD4+T cells might be related to more effective im
mune response to Mtb infection. In contrast, effector CD8+T cells 
showed higher cytotoxicity scores in active TB patients than healthy 
donors and TBI individuals at the bulk level, and patients with severe 
disease had the highest cytotoxicity status (Fig. 3F). Likewise, all 
effector CD8+ T cells showed an elevated trend of cytotoxicity scores 
in active TB patients, and two effector CD8+ T subsets, including 
CD8_Pro_GNLY and CD8_Tem, showed the higher cytotoxicity scores 
in severe TB patients (Fig. 3F, Fig. S6A). Effector CD8+T subsets from 
severe patients also overexpressed multiple cytotoxic genes, such as 
PRF1, GNLY, NKG7, GZMA, GZMB, etc. (Fig. 3G and Fig. S6B). Although 
effector CD8+T cells’ cytolytic functions can directly kill Mtb or Mtb- 
infected cells via granule-mediated function (perforin, granzyme 
and granulysin),30 these effector proteins can also lead to im
munopathology by degrading the extracellular matrix and inducing 
inflammatory response.31 Thus, overexpression of various cytolytic 
molecules in CD8+T cells may be associated with immunopathology 
in severe TB patients. 

In addition to their role in the anti-Mtb response, cytolytic pro
teins (perforins and granzymes) also participate in pro-apoptotic 
response.32 Here, expression of genes associated with perforin/ 
granzyme-mediated apoptosis, including PRF1, GZMA, GAMB and 
CASP3, were analyzed.33 Expression of PRF1, GZMA, GAMB and CASP3 

Fig. 3. Characterization of gene expression differences in CD4+ and CD8+T cells across five conditions. A. Violin plots of IFNγ (Left) and TNF (Right) gene expression in CD4+T cells 
across five conditions. B. Violin plots of IFNγ (Left) and TNF (Right) gene expression in NK cells across five conditions. C. Violin plots of exhaustion response scores and exhaustion 
scores in CD4+T (Left) and CD8+T (Right) cells across different conditions. D. UMAP plots of mean gene expression from Th1 (Top) and Th17 (Bottom) gene signatures, split by 
condition. E. Heatmap of normalized expression for selected exhaustion genes in Th1 cells across different conditions. F. Violin plots of cytotoxicity scores in effector CD4+T (Left) 
and effector CD8+T (Right) cell subtype per condition. G. Dot plots of the expression of selected genes in each CD8+T cell subtype per condition. H. Violin plots of the expression of 
perforin/granzyme-mediated apoptosis genes in CD4+T (Top) and effector CD8+T (Bottom) cells per condition. I. Violin plots of the expression of apoptosis genes in T cells per 
condition. J. Bar plots of the expression of leukocyte migration genes in CD8+T cells per condition. Student’s T-test was applied to test significance in A, B, D, F, H and J. *p  <  0.05, 
**p  <  0.01, ***p  <  0.001, ****p  <  0.0001, nsp  >  0.05. 
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was increased in CD4+T and CD8+T cells in active TB patients com
pared to healthy controls, and the higher expression of these genes 
was observed in severe TB patients (Fig. 3H). We also examined the 
expression of genes in other apoptosis-linked FAS, TNF and IRF1 
pathways.33,34 In T cell subsets, all TNF, FAS and XAF1 pathway 
members (TNFSF10, FADD, XAF1) showed an upregulated trend in 
active TB patients relative to healthy donors (Fig. 3I), although the 
expression of several apoptosis-related genes (TNFRSF10A, FAS) was 
not significant. In the TNF apoptosis pathway, activation of the TNF 
receptor by the TNF ligand results in binding to the adapter molecule 
TRADD with recruitment of another adapter protein called FADD. 
Similarly, activation of the FAS receptor with FAS ligand also results 
in FAAD binding.33 FADD then binds to procaspase-8, resulting in 
activation of caspase-8 (CASP8) and apoptosis, which we observed to 
be significantly upregulated in T cell subsets for active TB patients 
(Fig. 3I). IRF1 triggers apoptosis under stress and forms a positive 
feedback loop with XAF1 to upregulate target genes such as CASP8, 
CASP1 and TNF.34 IRF1 and XAF1 were both significantly upregulated 
in active TB patients (Fig. 3I). XAF1 can also enhance TP53-linked 
apoptosis via post-translational modification and TP53 was in
creased in active TB patients, though not statistically significant for 
mild and severe patients. The key pro-apoptotic regulator BCL2L11 
was also upregulated in active TB patients, particularly in severe TB 
patients (Fig. 3I).35 These results suggest that upregulated genes 
relevant to the perforin/granzyme, TNF, FAS and XAF1 apoptosis 
pathways might lead to increased apoptosis of T cell subsets in TB 
patients, particularly in those with severe disease. 

We also investigated the migration state of T cells using a mi
gration scoring system (Fig. 3J, Fig. S6C–D). We found that CD4+T 
cells in active TB patients did not display a stronger migration status 
relative to healthy donors (Fig. S6C). In contrast, CD8+T cell subsets 
in severe patients likely underwent migration (Fig. 3J) and had 
highly expressed migration-associated genes like CXCL10, CCL3, 
CXCL8, CXCL1, etc. (Fig. S6D). The significant activation of migration 
pathways in peripheral CD8+T cells suggests that lymphocyte mi
gration might be related to the reduction in CD8+T cell population in 
severe patients (Fig. 1E). 

Clonal expansion in T cells and preferred usage of V(D)J genes in active 
TB patients 

TCR information was detected in ∼ 60% of T cells from the HD, MI, 
MO and SE conditions (Fig. 4A–B). The extent of clonal expansion in 
CD8+ T cells was larger (clonal size >  5) than in CD4+ T cells (Fig. 4D). 
After TB infection, T cell receptor β-chain constant domains 1 and 2 
(TRBC1/2) percentage decreased, although not statistically sig
nificantly (Fig. 4C, S7A–B). TCR diversity as measured by alpha di
versity showed no change after Mtb infection (Fig. 4E). The length 
distribution of the CDR3 region was similar for all conditions 
(Fig. 4F). The usage of IGH V(D)J genes across infection conditions 
was compared (Fig. S7C). A greater diversity of TCR V(D)J genes was 
observed in HD samples, while the overall diversity pattern de
creased in MI, MO and SE samples. For example, in MI, the TRBJ1–3/ 
TRBV28 V(D)J pair increased (60% of TRBJ1-3 recombination com
pared to <  15% in other conditions) while in SE, the TRBJ2-2/TRBV11- 
2V(D)J pair increased (30% of TRBJ2–2 recombination compared 
to <  10% in other conditions. 

NK cells showed high cytotoxic and exhaustion state in TB patients 

Except for the iNK cluster, all NK subsets from severe TB patients 
were enriched with multiple cytotoxic genes, such as NKG7, GNLY, 
GZMA, GZMB, GZMH and CST7 (Fig. 5A, Fig. S8A), suggesting that the 
presence of an activated NK cell response is a feature of severe TB 
disease. The NK_CD56 cluster are robust producers of anti-Mtb-re
lated cytokines such as IFN-γ and TNF.36 Similar to our findings in 

Th1 cells, IFN-γ and TNF in the NK_CD56 cluster were significantly 
upregulated in mild and moderate patients relative to healthy do
nors, but not for severe patients (Fig. 5B). NK_CD160 cluster, which 
contribute to anti-Mtb host defense through cell-mediated cyto
toxicity, displayed the highest cytotoxic state in severe TB patients 
compared to other conditions (Fig. 5C, Fig. S8B). Furthermore, 
NK_CD160 cluster from severe patients overexpressed multiple cy
totoxic genes, such as PRF1, NKG7, GZMA, GZMB, GZMH, CTSW etc. 
(Fig. 5D). In addition to NK_CD160, other NK subsets, including 
NK_Pro, NK_Memory-CD56, NK_Memory-CD160 and NK_CD56, also 
displayed high cytotoxic state in severe patients (Fig. S8C). The high 
cytotoxic state of the NK subsets in severe patients may lead to 
immunopathology similar to CD8+T cells. 

To further investigate differential transcriptomic changes in the 
NK cell subsets, we also evaluated the exhaustion, apoptosis and 
migration state of different NK cell subsets in active TB patients. 
Interestingly, except for immature NK cells (iNK), all other NK 
clusters in active TB patients were identified as exhausted NK cells 
with higher exhaustion response scores and exhaustion scores re
lative to healthy donors, particularly in severe patients (Fig. S8D). 
Compared to healthy donors, upregulated expression of multiple 
inhibitory molecules (e.g., PD-1, LAG3, CTLA4) was observed in ex
hausted NK cells in active TB patients, and patients in the severe 
condition overexpressed multiple inhibitory receptors (e.g., PD-1, 
CTLA4, HAVCR2, BTLA) and exhaustion-related molecules (e.g., PTPN6, 
PTPN11 and PRDM1) (Fig. 5E). Similar to our observations in T cells, 
NK cell exhaustion may lead to reduction or loss of effector func
tions, and drive progression from mild or moderate disease to severe 
disease. In addition, we found that NK cells in severe patients likely 
underwent migration and apoptosis as evidenced by: (i) high mi
gration scores (Fig. 5F); (ii) high expression of migration-related 
genes like CXCL13, CXCL10, CCL3, CXCL1 and CCL25 (Fig. 5F); (iii), high 
expression of genes in apoptosis-linked perforin/granzyme, FAS, TNF 
and IRF1 pathways (Fig. 5G). Significant activation of migration and 
cell apoptosis pathways in NK cells from severe patients indicates 
that NK cell migration and death might be related to the reduction in 
NK population, a phenomenon observed in patients with severe TB 
(Fig. 1E). 

Relative to health controls, we found that genes encoding HLA 
class II molecules (HLA-DMA, HLA-DMB, HLA-DPA1, HLA-DPB1, HAL- 
DQA2, HLA-DQB1, HLA-DRA, HLA-DRB1, and HLA-DRB5) were sig
nificantly upregulated in Mtb-infected individuals (Fig. 5H–I). The 
extent of upregulation in HLA class II molecules tended to be greater 
in patients with severe TB. HLA class II upregulation is reflected in 
differentially regulated gene pathways, including increased crosstalk 
between NK cells and DCs. Likewise, we observed that genes en
coding HLA-I class molecules were also significantly upregulated in 
severe patients relative other conditions (Fig. 5H), including non- 
classical HLA class I genes HLA-E, HLA-F and HLA-G, and canonical 
HLA class I genes HLA-A, HLA-B, and HAL-C (Fig. 5I). 

Myeloid cells involved in the immune paralysis of severe TB patients 

pDCs (plasmacytoid DCs) are characterized by classic markers 
such as LILRA4, BLNK, ZFAT and IL3RA (CD123) and expressed its 
major regulatory transcription factor TCF4 (Fig. 6A).37 CCR7, as an 
important chemokine receptor, is strongly upregulated upon ex
posure to TLR ligands and is critical for homing pDCs to lymph 
nodes.38 We observed elevated expression of CCR7 in TB patients, 
particularly in severe disease (Fig. 6A). pDCs specializes in microbial 
sensing and produces type I interferons in response to pathogens,37 

which thus expressed genes related to microbial sensing and in
duction of IFNs such as IRF8, IRF7, IRF1, TLR7, PACSIN1 and SLC15A4. 
IRF7 is the master regulator for IFN production in pDCs, while IRF8 is 
essential for the development of pDCs and controls several func
tional modules in differentiated pDCs.39 pDCs also expressed as 
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genes associated with secretion of IFNs like DERL3. Our data sug
gested that, except for IRF1, the expression of these genes decreased 
as disease severity increased in active TB (Fig. 6A), implying that 
pDCs from severe TB patients may be dysfunctional in microbial 
sensing and IFN-I production. Relative to other conditions, pDCs in 
severe patients had lower expression of SELL (CD62L) and NRP1 

(Fig. 6A). CD62L is an adhesion molecule involved in trafficking pDCs 
to HEVs (high endothelial venules) while NRP1 is involved in for
mation of primary immune synapse with T cells and positively 
regulates T cell proliferation.40 In addition, BCL11A, an essential 
lineage-specific factor that regulates pDCs development, was de
creased in active TB patients, particularly in severe patients, 

Fig. 4. Changes in TCR clones and selective usage of V(D)J genes. A. UMAP projection of T cells derived from PBMCs. Cells are colored by: conditions (Panel 1), B cell subtypes 
(Panel 2), if TCR detection was successful (Panel 3), clonotype expansion size (Panel 4), expression of T markers (Panels 5–6). B. Stacked bar plots showing the percentage of T cells 
with TCR information in each sample. C. Stacked bar plot showing the distribution of TRBC1 and TRBC2 in each T cell subtype. D. Stacked bar plots showing the clone state for each 
T cell subtype in each condition. E. Box plot of the alpha diversity value of clonotypes in each sample. Data points are grouped and colored by condition. F. Density curve plots 
showing the distribution shift of TRA and TRB chain CDR3 region length in TCR clone types for each condition. 
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implying that pDCs in severe TB patients may have a hindrance in 
differentiation.41 These results indicated that pDCs in severe patients 
may have a reduction in host response to Mtb infection. 

mDCs (classical dendritic cells) expressed classic markers such as 
CD1C, FCER1A, CLEC10A and ANXA1, which were differentially ex
pressed amongst the conditions (Fig. 6B). mDCs are specialized in 
antigen processing, and form a crucial interface between adaptive 
and innate immunity.42 Many studies have shown that mDCs have a 
high expression of major histocompatibility complex (MHC) class II 

(HLA-DR) molecules, which are essential for antigen presentation. 
MHC-II molecules (e.g., HLA-DRA, HLA-DQA1) were significantly 
downregulated in the severe disease group relative to other condi
tions (Fig. 6B–C). Transcription factors (TFs) which control mDCs 
development such as RELB, RBPJ and IRF4 were expressed at lower 
levels in active TB patients, especially in severe patients (Fig. 6B). Of 
note, IRF4 also controls other functional aspects in mDCs such as 
their migration and MHC presentation.42 The loss of mDCs, down
regulation of MHC-II molecules and key TFs imply an immune 

Fig. 5. Characterization of gene expression differences in NK cells across five conditions. A. Dot plots showing the expression of selected genes in each NK cell subtype per 
condition. B. Violin plots of IFNγ (Left) and TNF (Right) gene expression in NK_CD56 cells across conditions. C. Box plots of cytotoxicity scores in NK_CD160 cells across conditions. 
D. Heatmap of normalized expression for selected cytotoxicity genes in NK_CD56 cells across conditions. E. Heatmap of normalized expression for selected exhaustion genes in NK 
cells across conditions. F. Box plots of migration scores in NK cells across conditions (Left). Heatmap of normalized expression for selected migration-related genes in NK cells 
across conditions (Right). G. Heatmap of normalized expression for selected apoptosis-related genes in NK cells across conditions (Right). H. Box plots of HLA-I (Left) and HLA-II 
(Right) scores in NK cells across conditions. I. Heatmap of normalized expression for HLA-I and HLA-II genes in NK cells across conditions. Student’s T-test was applied to test 
significance in B, C and F. *p  <  0.05, **p  <  0.01, ***p  <  0.001, ****p  <  0.0001, nsp  >  0.05. 
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paralyzed state of mDCs in severe TB patients (Fig. 2B, Fig. 6B). In 
addition, the genes related to neutrophil activation, such as S100A12, 
S100A9, S100A8, CLU and RNASE2, were expressed at higher levels in 
patients with severe disease compared to all other conditions 
(Fig. 6D). mDCs are prominent producers of proinflammatory che
mokines and cytokines like IL6, CCL3, CCL4 and CCL5 after TLR ligand 
exposure.43 The expression of these genes tended to upregulate in 
active TB patients (Fig. 6B). Overactivation of neutrophil and upre
gulation of proinflammatory molecules suggest that mDCs may be 
involved in the immunopathology of patients with severe TB. 

Non-classical circulating monocytes (CD16+) are more prone to 
undergo apoptosis in response to pathogen infection.44 Consistently, 
we found that the apoptosis score for non-classical monocytes was 
significantly elevated in Mtb-infected individuals (TBI, mild, mod
erate and severe patients) relative to healthy donors, and those with 
severe TB had the highest apoptosis score (Fig. 6E), suggesting that 
non-classical monocytes in severe patients more likely underwent 
apoptosis. We observed that apoptosis-linked genes, such as 
TNFSF10, TNFRSF10A, TNFSF12, FAS, FADD, etc., were obviously upre
gulated in severe TB patients compared to other conditions (Fig. 6F), 
indicating that upregulated genes relevant to the TNF, FAS and XAF1 
apoptosis pathways might lead to increased apoptosis of non-clas
sical monocytes in those with severe disease. Taken together, these 

results suggest that non-classical monocytes in severe patients more 
likely undergo cell death. 

Features of B cells in TB patients 

Compared to T cells, the role of B cell-mediated immunity in 
protection against Mtb has been less studied. Naïve B cells from Mtb- 
infected individuals were enriched with activation genes like IL4R, 
PAX5 and BACH2 (Fig. S9A). Similar with Naïve_B subtype, two 
memory B cell subsets also did not express activation genes in Mtb- 
infected individuals such as CD69, EBI3, TBX21, DHRS9 and CD86 (Fig. 
S9A).45 Relative to healthy donors, plasma B cells in active TB pa
tients did not show higher expression of genes encoding the con
stant region of immunoglobulin G1 (IgG1), IgG2, IgG3, IgG4, IgA1 
and IgA2 (Fig. S9A). These data indicate that key genes involving in 
B-cell-activation-related pathways, including somatic hypermuta
tion, class switching, expansion and antibody production, were not 
enriched in active TB patients, implying that B and plasma cells in 
PBMCs might not be effectively activated. 

Previous studies have demonstrated that cytokines produced by 
B cells can modulate T cell responses against intracellular pathogens; 
however, this has been less studied in Mtb infection.46,47 Re
presentative genes involved in T cell differentiation, expansion, and 

Fig. 6. Characterization of gene expression differences in myeloid cells across five conditions. A. Heatmap of normalized expression for selected genes in pDC across conditions. B. 
Heatmap of normalized expression for selected genes in mDC across conditions. C. Box plots of the expression of HLA-II genes in mDC across conditions. D. Box plots of the 
expression of S100A8/A9/A12, CLU and RNASE2 in mDC across conditions. E. Box plots of the expression of apoptosis genes in Mono_CD14–CD16 across conditions. F. Heatmap of 
normalized expression for apoptosis genes in Mono_CD14–CD16 across conditions. Student’s T-test was applied to test significance in C, D and E. *p  <  0.05, **p  <  0.01, 
***p  <  0.001, ****p  <  0.0001, nsp  >  0.05. 

Y. Wang, Q. Sun, Y. Zhang et al. Journal of Infection 86 (2023) 421–438 

432 



anti-Mtb response (IL2, IL6, LTB, IL10, IFNG and IL10) were not en
riched in B cells from TBI individuals and active TB patients (Fig. 
S9B).48,49 In addition, B cells are also antigen-presenting cells which 
can capture and internalize antigens via surface immunoglobulins 
and then present them on their surface as MHC class II:peptide 
complexes to prime naïve CD4+T cells.50 Here, we investigated key 
genes associated with antigen presentation in B cells (Fig. S9A). 
Unexpectedly, compared to healthy donors, most B cell subsets had 
lower level of HLA-DRA, HLA-DRB1 and HLA-DRB5 in active TB pa
tients. This data suggests that B cells in PBMCs may contribute to 
limited protection against Mtb. In addition, we found that expression 
of apoptosis-related genes (e.g., TNFRSF10A, FAS) was upregulated in 
active TB patients compared to healthy donors, particularly in severe 
patients (Fig. S9C). 

BCR information was detected in > 80% of B and plasma cells from 
most samples (HD, MI, MO and SE). Clonal expansion (clonal size > 4) 
was observed in B_plasma cells from the MO and SE conditions (Fig. 
S10A, B, D). The largest portion of BCR in B cells was the IGHM 
subtype while the largest portion of BCR in plasma cells was IGHA1 
and IGHA2 (Fig. S10C, S11A). The percentage of IGHM increased with 
disease severity in plasma cells but not in B cells (Fig. S10C). No 
differences were observed in the light chain type IGK and IGL in B 
and plasma cells (Fig. S11B). BCR diversity as measured by alpha 
diversity and the length distribution of the CDR3 region also showed 
no change (Fig. S10E, F). The usage of IGH V(D)J genes across infec
tion conditions was compared (Fig. S11C). The combination of the 
most prevalent IGHJs and > 30 IGHV showed that TB infection in
duced many changes in IGH V(D)J genes (Fig. S11C). The V(D)J pair 
pattern was similar overall. The most prevalent pair in recombined 
IGHJ/IGHV, IGKJ/IGKV and IGLJ/IGLV regions was different. 

S100A12 and TNFSF13B contributed to the cytokine storms in severe 
patients 

We next explored the potential sources of cytokine production in 
TB. According to the expression of pro-inflammatory response genes 
and reported cytokine genes (Table S9),51,52 we first defined an in
flammatory and cytokine score for each cell subset and employed 
the two correlated scores as indicators to assess the potential con
tribution of each subset to inflammatory cytokine storm. We ob
served significant increased expression of inflammatory and 
cytokine genes in patients with severe disease (Fig. 7A, Fig. S12A), 
suggesting the presence of inflammatory cytokine storm in severe TB 
patients. Four major cell types, including monocytes, CD8+T, NK and 
γδ T cells, had significantly elevated expression of inflammatory and 
cytokine genes in severe TB patients (Fig. S12B). At the granular 
level, sixteen subsets, including five monocyte subtypes 
(Mono_CD14, Mono_CD14-CD83, Mono_CD14–CD16–CD83, 
Mono_CD16, Mono_CD16-C1QA), five NK subtypes (NK_Pro, 
NK_Memory-CD56, NK_Memory-CD160, NK_CD56 and NK_CD160), 
five CD8+T cell subsets (CD8_Naive_01, CD8_Naive_02, 
CD8_Pro_GZMK, CD8_Te_GZMK and CD8_Tem) and a γδ T cell subset, 
were identified with significantly higher inflammatory and cytokine 
scores and were thus defined as inflammatory cells. The higher 
scores suggest that these cells may be the dominant sources of in
flammatory cytokine storm in severe TB patients (Fig. 7A, Fig. 
S12C–E). Among these defined inflammatory cells, CD14-expressing 
monocytes was the largest contributor and may be the major source 
for inflammatory cytokine storm (Fig. 7B). In contrast, mega
karyocytes, which have been linked to inflammatory cytokine storms 
in other infectious diseases (e.g., COVID-19),4 only displayed sig
nificantly higher cytokine score but not inflammatory score in severe 
TB patients (Fig. S12B). 

We also investigated the proportion of these inflammatory cell 
subsets in TB patients. At the bulk level, we observed that the re
lative percentage of inflammatory cells tended to increase in TB 

patients with severe disease, though this was not significant (Fig. 
S13A). The proportion of most inflammatory cell subsets, including 
CD8_Naive_02, CD8_Pro_GNLY, CD8_Te_GZMK, NK_Pro, NK_Me
mory_CD56m, NK_CD160 and Mono_CD14–CD16–CD83, were en
riched in severe TB patients (Fig. 2). The proportion of inflammatory 
cell subsets exhibited distinct enrichment patterns in severe pa
tients, with CD14-expressing monocytes (Mono_CD14, Mono_CD14- 
CD83 and Mono_CD14–CD16–CD83) being highly enriched in all 
severe TB patients (Fig. S12B). Particularly, Mono_CD14, 
Mono_CD14-CD83 and Mono_CD14–CD16–CD83 may be the major 
peripheral sources driving the cytokine inflammatory storm in se
vere TB patients as evidenced by their high expression of in
flammatory and cytokine genes and their increased cell proportion 
(Fig. 7A–B, Fig. S12, Fig. S13A–B). In addition to CD14-expressing 
monocytes, certain NK and CD8+T cell subsets may also contribute to 
inflammatory cytokine storm in severe TB patients via enhanced 
expression of pro-inflammatory cytokines. 

Next, we examined the inflammatory signatures for each in
flammatory cell subset. Unique inflammatory cytokine gene ex
pression was observed in each inflammatory cell subset (Fig. 7C, Fig. 
S13C), potentially indicating various mechanisms which induce in
flammatory cytokine storms in severe TB. CD14-expressing mono
cytes had high expression of more cell-type-specific pro-cytokines 
(e.g., S100A12, TNFSF13B, TNFSF13, FGF23) (Fig. 7C), implying a central 
role for these three cell subtypes in triggering inflammatory cyto
kine storm. The Mono_CD14 subtype specifically expressed high 
levels of pro-inflammatory cytokines (e.g., S100A12, TNFSF13B, FGF23, 
TNFSF10 and SCYL3) in severe patients (Fig. S13C). Mono_CD14-CD83 
and Mono_CD14–CD16–CD83 also highly expressed specific pro-in
flammatory cytokines in severe patients, such as S100A12, TNFSF13B 
and FGF23, etc. (Fig. S13C). In addition to CD14-expressing mono
cytes, other inflammatory cell subsets including NK and CD8+T 
clusters, highly expressed CCL5, SCYL2, IL32, CCL4 and CCL4L2, etc, in 
severe patients (Fig. 7C, Fig. S13C). The top 10 most highly expressed 
proinflammatory cytokines (S100A12, TNFSF13B, FGF23, CCL5, SCYL3, 
TNFSF10, CCL4, IL32 and TNFSF13) contributed to ∼ 99% of cytokine 
scores (Fig. 7D), indicating the core role of these cytokines in driving 
inflammation in severe disease. Among top 10 proinflammatory 
cytokines, S100A12 and TNFSF13B, mainly secreted by inflammatory 
monocytes, may play central role in driving inflammatory cytokine 
storm in severe patients, because both cytokines contributed to 
∼76% of cytokine scores (Fig. 7D). Significantly upregulated expres
sion of S100A12 and TNFSF13B genes was observed in patients with 
severe disease (Fig. 7E), further validating findings in our scRNA-seq 
data analysis. 

S100A12, as a member of pro-inflammatory Damage Associated 
Molecular Pattern molecules (DAMPs), was overexpressed during 
inflammation.53 S100A12 is a ligand of both RAGE (Receptor for ad
vanced glycation end products) and TLR4 (Toll-like receptor), the 
former was validated to be a modulating factor, while the signal 
transduction is TLR4 dependent, facilitating proinflammatory acti
vation.53 Expression of TLR4 was significantly upregulated in severe 
TB patients relative to other conditions (Fig. 7E), especially for in
flammatory monocytes (Fig. S13E), which was consistent with pre
vious findings that proinflammatory S100A12 was able to activate 
monocytes via TLR4.53 TLR4 signaling primarily occurs through 
MYD88 pathway, resulting in induction of pro-inflammatory cyto
kines.54 Expression of MYD88 also was significantly elevated in se
vere patients compared to other conditions, particularly in 
monocytes (Fig. 7E, Fig. S13E). These findings emphasize the im
portance of S100A12 for design of potential therapeutic strategies to 
enhance protective immunity or decrease immunopathogenesis in 
severe TB patients. TNFSF13B was another important inflammatory 
cytokine in severe TB patients, and its levels were elevated in severe 
respiratory syncytial virus, bocavirus, influenza virus (H1N1) and 
Mycoplasma pneumoniae infections.55 Likewise, we observed 
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Fig. 7. S100A12 and TNFSF13B contributed to the cytokine storms in severe patients. A. UMAP plots of PBMCs colored by: major cell types (Top left panel), inflammatory cell type 
(Top right panel), inflammatory score (Middle panel) and cytokine score (Bottom panel). B. Pie charts showing the relative percentage contribution of each cell type to the 
inflammatory score (Top panel) and cytokine score (Bottom panel). C. Heatmap of the cytokines expressed among 16 hyper-inflammatory cell subtypes. D. Pie charts showing the 
relative percentage contribution of top 10 cytokines in severe TB. E. Box plots showing the expression of selected genes in hyper-inflammatory cells across conditions. Student’s T- 
test was applied to test significance. *p  <  0.05, **p  <  0.01, ***p  <  0.001, ****p  <  0.0001, nsp  >  0.05. F. Heatmap of the sum of signification interaction among 16 hyper-in
flammatory cell subtypes. G. Dot plot of the interactions between Mono_CD14 and selected inflammatory cell types in severe TB patients. P values are indicated by the circle sizes, 
as shown in the scale on the right. 
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significantly increased expression of TNFSF13B in severe TB patients 
relative to other conditions (Fig. S13D). This cytokine could activate 
both noncanonical and canonical inflammatory signaling pathways, 
and formed a positive feedback loop to mediate an inflammatory 
environment and suppress anti-inflammatory mediators.56 These 
observations suggested that the elevated TNFSF13B might be an 
important component involved in the formation of inflammatory 
storm in severe TB patients. 

We reasoned that the systematic cytokine storm in severe pa
tients may be related to cellular cross-talk via secreting diverse 
proinflammatory cytokines. To assess this, we investigated the li
gand-receptor pairing patterns among hyper-inflammatory cell 
subtypes in severe samples within PBMCs (Fig. S13E). Our results 
revealed obvious ligand-receptor interactions of hyper-inflammatory 
cells in patients with severe disease (Fig. S13E). Interestingly, CD14- 
expressing monocytes in the peripheral blood of severe TB patients 
displayed much higher interactions with each other relative to in
flammatory CD8+T and NK cell subsets (Fig. 7F, Fig. S13E). CD14- 
expressing monocytes, particularly in Mono_CD14, expressed mul
tiple receptors, implying that monocytes in severe patients could 
simultaneously receive multiple cytokine stimuli produced by other 
cell subsets (Fig. 7G, Fig. S13E–G). Interestingly, all inflammatory 
monocyte subsets expressed CXCR2, which receive CXCL2, CXCL3, 
CXCL8 stimuli secreted by inflammatory cells (Fig. S13F). The inter
actions of inflammatory monocytes might mainly rely on 
TNFSF13B|TFRC, TNFSF13B|TFRC, FGF23|FGFR1, CXCL2|CXCR2, 
CXCL3|CXCR2 and CXCL8|CXCR2 (Fig. 7G, Fig. S13E–G). Taken to
gether, these results validated the molecular basis for the potential 
cell-cell interactions in peripheral blood in severe TB patients. 

Discussion 

Tuberculosis (TB) poses a continuous threat to human health. 
Particularly, severe TB requires hospitalization or Intensive Care Unit 
(ICU) admission, and its mortality rates remain between 15.5% and 
65.9%.3 However, our current understanding of the host immune 
response to Mtb infection, especially for severe TB, is limited, making 
it difficult to design novel therapeutics. Here, we generated scRNA- 
seq data for 29 PBMC samples from 29 TB patients and healthy 
donors, constructed an information-rich data resource to dissect the 
immune responses of TB patients at the single-cell resolution and 
highlighted the immune characteristics of severe TB. 

Ten major cell types and 40 cell subsets were clustered, offering 
fine details on the molecular and cellular response to Mtb infection. 
Overall, Mtb infection, particularly in severe TB patients, had a large 
impact on the composition of multiple immune cells. Our data 
highlighted impacts on lymphocyte populations, including NK, MAIT, 
γδT, CD4+T and CD8+T cells, and the dramatic reduction of number in 
lymphocytes was observed in TB patients with severe disease (Fig. 1 
and Fig. S2). These data may support that lymphopenia is a key 
feature of severe TB patients. Although lymphopenia was found to 
affect various lymphocytes (e.g., NK, MAIT, γδT cells, etc.), our results 
indicated that severe TB had a preferential impact on NK cells (Fig. 1 
and Fig. S2). NK cells and its subsets were significantly depleted in 
severe TB patients and showed an obvious association with severe 
disease (Fig. 1 and Fig. 2). In particular, we did not detect NK cells in 
2 severe cases (SE_2 and SE_8), who had a worse clinical outcome 
(death), suggesting that there may be a correlation between NK cell 
depletion and clinical outcome (Fig. S2). It remains unclear why the 
lymphopenia in severe TB is NK cell biased, and the mechanisms of 
lymphopenia require further investigation. In contrast to lympho
cytes that decreased in severe disease, a larger number of in
flammatory-cell enrichments (e.g., monocytes and megakaryocytes) 
were observed in peripheral blood, implying that severe inflamma
tion may exist in these patients. Notably, disease severity appeared 

to impact the diversity of TCR repertoires, which may have clinical 
implications. 

T cells play a fundamental role in conferring protection against 
Mtb infection, while NK cells are increasingly regarded as an im
portant component of the innate immune response to Mtb, linking 
adaptive and innate immunity.57 However, persistent exposure or 
overexposure of antigens to T and NK cells can elicit a state of im
pairment in their function, referred to as immune exhaustion.26 Our 
scRNA-seq data indicated that T (including CD4+T and CD8+T cells) 
and NK cells become dysfunctional in severe TB patients. Exhaustion 
of T and NK cells may be one explanation why patients with severe 
disease failed to control Mtb infection. Among the CD4+T subsets, 
Th1 cells, which plays a key role in controlling Mtb infection, un
derwent exhaustion in severe TB patients and this was evidenced by 
(i) high exhaustion response and exhaustion scores; (ii) elevated 
expression of multiple inhibitory receptors (PD1, Tim-3, BTLA, CD200, 
KLRG1); (iii) decreased cytokine production (IFN-γ, TNF); (iv) aug
mented expression of exhaustion-related transcription factors 
(Blimp-1). As with Th1-cells, CD8+T and NK cells also underwent 
exhaustion in severe TB patients, and displayed typical exhaustion 
features. It is noteworthy that exhausted Th1, CD8+T and NK cells 
secreted lesser quantities of IFN-γ in severe TB patients. IFN-γ can 
activate macrophages and promote bacterial killing by permitting 
phagosomal maturation and production of reactive oxygen inter
mediates and antimicrobial reactive nitrogen intermediates.58 Re
cent studies have shown that IFN-γ elicits autophagy in 
macrophages through the TLR, IRGM1 and PI3K signaling pathways, 
which increased the delivery of ubiquitin conjugates to the lysosome 
and enhanced the bactericidal capacity of the lysosomal soluble 
faction.59,60 We found that T cells in severe TB patients had a weaker 
expression of Th1 gene signatures than mild and moderate in
dividuals (Fig. 3), implying that macrophage from severe TB patients 
may not be adequately activated to clear or suppress Mtb. Im
portantly, we found that co-expression of multiple inhibitory re
ceptors in exhausted Th1, CD8+T and NK cells was a cardinal feature 
for severe TB patients. For instance, exhausted Th1 cells co-ex
pressed PD1 together with HAVCR2, BTLA, CD200 and KLRG1 while 
exhausted NK cells co-expressed PD1 together with CTLA4, HAVCR2 
and BTLA. It has been reported that the higher number of inhibitory 
molecules co-expressed by exhausted cells (T and NK cells), the more 
severe is the exhaustion.28 Interestingly, these co-expression pat
terns are mechanistically relevant,26,28 as simultaneous blockade by 
multiple inhibitory molecules in severe TB patients might result in 
synergistic reversal of T and NK cell exhaustion. There are several 
mechanisms by which inhibitory receptors and their ligands sti
mulate inhibitory signaling pathways: first, through the induction of 
inhibitory genes; second, by ectodomain competition, which in
volves inhibitory molecules sequestering target ligands and/or pre
venting the optimal formation of lipid rafts and microclusters; and 
third, through modulation of intracellular mediators, which can lead 
to local and transient intracellular attenuation of positive signals 
from activating receptors (e.g. TCR and its co-stimulatory re
ceptors).28 Hence, an in-depth understanding of the molecular me
chanism by which T- and NK-cells undergo exhaustion during Mtb 
infection is critical in exploring novel therapeutic targets to protect 
the host from Mtb-induced damage. 

According to our results, upregulated expression of multiple cy
totoxic genes (e.g., PRF1, GNLY, NKG7, GZMA, GZMB) in effector CD8+ T 
and NK cells may be involved in immunopathology in TB patients, 
particularly in severe TB, as these effector proteins (e.g., granzymes) 
could damage organs by degrading the extracellular matrix and in
ducing inflammatory response.30,31,61 This result is not unexpected, 
because previous functional studies of exhausted cells (e.g., CD8+T 
and NK cells) have suggested that unlike proliferative ability and 
cytokine production, cytotoxicity hallmarks were not diminished in 
exhausted cells.62,63 In addition, upregulated perforin/granzyme 
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expression may also be related to increased T and NK cell apoptosis 
in TB patients by cooperating with other genes including CASP3 and 
CASP10.33 CASP3 expression in TB patients was elevated in T and NK 
cells (Figs. 3 and 5), consistent with this hypothesis. Other apoptosis 
pathways including XAF1-induced apoptosis and extrinsic pathways 
of apoptosis (Fas/FasL) were also found to be activated in T and NK 
cells from severe TB patients. It was reported that XAF1 collaborates 
with IRF1, CASP3, BCL2L11 and TP53 to induce cell apoptosis. These 
genes were increased in T and NK cells from TB patients, including 
severe TB patients. Moreover, XAF1 can be induced by TNF and 
functions as an alternative path for TNF-related apoptosis.33,34 In our 
study, we identified upregulated expression of genes involved in the 
extrinsic apoptosis pathways including FAS, FASLG, FADD, TRADD and 
CASP8. Taken together, our data suggest that upregulated genes as
sociated with perforin/granzyme, XAF1 and FAS pathways might 
result in T and NK cell apoptosis in TB patients, especially those with 
severe disease. 

Myeloid-derived suppressor cells (MDSCs) are a population of 
heterogeneous immature myeloid cells which expand during in
flammatory conditions and has the capacity of suppress T cell re
sponses.20,21 Interestingly, we identified a class of monocytic MDSCs 
(Mono_CD14–CD16) in the peripheral blood of severe TB patients 
which significantly increased. Consistent with the features of typical 
MDSCs, we observed increased calprotectin (S100A6, S100A8, S100A9 
and S100A11) and decreased HLA-II molecules in monocytic MDSCs. 
Due to MDSCs being associated with immune suppression, we 
speculate that monocytic MDSCs play a key role in inhibiting the 
immune response, amplifying TB pathogenesis and promoting se
vere disease progression. In addition to monocytic MDSCs, we ob
served a significant depletion of DCs, including pDCs and mDCs, 
which further indicates peripheral immune paralysis in severe TB 
patients. Together, our scRNA-seq data implies that myeloid cells 
may be involved in immune paralysis in severe TB patients. 

In our attempt to investigate the potential cellular sources for 
inflammatory cytokines, we validated the presence of inflammatory 
cytokine storm in severe TB patients, which may be associated with 
increased disease severity and immunopathogenesis. Several 
monocytes, NK and CD8+T subsets may be the main contributors of a 
diverse set of pro-inflammatory cytokines that were significantly 
increased in TB patients with severe disease progression. Further 
analysis indicated that S100A12 and TNFSF13B, mainly secreted by 
monocytes, may play core role in driving cytokine storm in severe 
patients. Human S100A12 was markedly overexpressed in in
flammatory compartments (e.g., monocytes or granulocytes), and 
increased serum levels of S100A12 were observed in patients suf
fering from various inflammatory, including infectious disease.64 

Consistently, our data validated that significantly elevated expres
sion of S100A12 was found in severe TB patients. Particularly, ex
tracellular S100A12, as a pro-inflammatory protein, displays 
cytokine-like features, which is responsible for pro-inflammatory 
signaling through TLR4. Receptors (TLR4) for pro-inflammatory 
protein S100A12 were also significantly upregulated in severe TB 
patients, particularly in inflammatory monocytes, which may in
crease S100A12-mediated inflammatory responses. Thus, blocking 
S100A12 binding to its receptor TLR4 on TLR4 expressing cell lines, 
especially in monocytes, might abrogate the respective in
flammatory signal, highlighting the value of S100A12-TLR4 pathway 
for development of potential therapeutic approaches in severe TB 
patients. As a result, TB patients with severe disease could benefit 
from treatment with anti-S100A12 therapeutics, as attenuating 
S100A12 production may blunt ‘inflammatory cytokine storm.’ In 
addition to S100A12, our scRNA-seq data showed that expression of 
TNFSF13B also was elevated in severe TB patients. We thus believe 
that upregulated expression of TNFSF13B may synergize with aug
mented S100A12 to produce a strong inflammatory response, be
cause this cytokine could activate both noncanonical and canonical 

inflammatory signaling pathways. This indicated that TB patients 
with severe disease may also benefit from TNFSF13B antagonist 
therapy. 

Together, our scRNA-seq dataset, which includes samples from 
different disease severity, has uncovered multiple immune features 
of active TB that were not adequately appreciated previously. In 
particular, our data highlights the features of immune response and 
pathogenesis in severe TB patients, potentially assist the develop
ment of novel therapeutics. 
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