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ABSTRACT

Monocytes are closely associated with tuberculosis (TB). Latent tuberculosis in some patients
gradually develops into its active state. This study aimed to investigate the role of hub monocyte-
associated genes in distinguishing latent TB infection (LTBI) from active TB. The gene expression
profiles of 15 peripheral blood mononuclear cells (PBMCs) samples were downloaded from the
gene expression omnibus (GEO) database, GSE54992. The monocyte abundance was high in
active TB as evaluated by the Cell-type Identification by Estimating Relative Subsets of RNA
Transcripts (CIBERSORT) algorithm. The limma test and correlation analysis documented 165
differentially expressed monocyte-related genes (DEMonRGs) between latent TB and active TB.
Functional annotation and enrichment analyses of the DEMonRGs using the database for annota-
tion, visualization, and integration discovery (DAVID) tools showed enrichment of inflammatory
response mechanisms and immune-related pathways. A protein-protein interaction network was
constructed with a node degree >10. The expression levels of these hub DEMonRGs (SERPINAT,
FUCA2, and HP) were evaluated and verified using several independent datasets and clinical
settings. Finally, a single sample scoring method was used to establish a gene signature for the
three DEMonRGs, distinguishing active TB from latent TB. The findings of the present study
provide a better understanding of monocyte-related molecular fundamentals in TB progression
and contribute to the identification of new potential biomarkers for the diagnosis of active TB.
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1. Introduction of T cells in the body to mycobacterial antigens

Although tuberculosis (TB) infection caused by
Mycobacterium can currently be divided into two
categories: latent TB and active TB, several stages
of Mycobacterium tuberculosis infection have
been observed within the human body. The
scope of the disease includes people with cleared
infection, latent infection, and subclinical or early
tuberculosis infections [1]. Unfortunately, both the
interferon-gamma release assays (IGRA) and the
tuberculin skin test (TST) can neither distinguish
latent tuberculosis infection (LTBI) from active TB
nor the different stages of Mycobacterium tuber-
culosis infection and the high-risk groups suscep-
tible to developing the active disease. In addition,
these diagnostic tests for LTBI may lead to false-
positive or negative results [2]. Although the IGRA
has greater specificity than the TST, the response

persists even after eliminating the bacteria [3].
Therefore, LTBI has a broader scope, including
patients with cleared infection and those at high
risk of progression to the active tuberculosis stage.

Testing people infected with Mycobacterium
tuberculosis is of great significance for the preven-
tion and control of TB. The World Health
Organization (WHO) ‘End Tuberculosis Strategy’
recommended that the early diagnosis and treat-
ment of LTBI patients at a higher risk of infection
was essential to effectively control TB globally [4];
however, the treatment of latent TB had been
associated with potential toxicity and drug-
related adverse reactions [5]. Therefore, the devel-
opment of new, quick, and easy strategies to assist
in identifying active and latent tuberculosis is cru-
cial for TB management and control.
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Several studies had shown that autoimmunity
played a vital role in the development of tubercu-
losis [6]. Host resistance to infection caused by
Mycobacterium tuberculosis depended on both
the innate and adaptive immune systems.
Tuberculosis granuloma comprises cells of both
the innate and adaptive immune response systems;
among them, monocytes had received the most
attention in recent years. Monocytes are important
in immune defense and are the primary innate
immune cells in the early stage of
Mycobacterium tuberculosis infection, protecting
the host against intracellular pathogens [7,8].
Monocytes’ heterogeneity and their ability to dif-
ferentiate into monocyte-derived dendritic cells or
monocyte-derived ~ macrophages  establishes
a connection between innate and adaptive immune
responses [9]. Inflammatory monocytes can
promptly respond to microbial stimuli by secreting
cytokines and antimicrobial factors, expressing
C-C motif chemokine receptor 2 (CCR2) chemo-
kine receptors, and can affect the secretion and
transport of monocyte chemoattractant protein
(MCP-1) and C-C motif chemokine ligand 2
(CCL2) at the microbial infection site [10]. Sun
et al. [11] showed that the average volume and
conductivity of monocytes and the expression of
MCP-1 were significantly higher in active TB sam-
ples than in latent TB samples. Liu et al. [7] also
showed that, the mononuclear cell membrane and
soluble CD163 expression for active TB were
higher than those in latent TB. Although the rela-
tionship between the abundance of circulating
monocytes and active TB remains unclear, the
targeted study of monocytes is increasingly
regarded as a promising strategy for treating TB.

Advancements in gene chip and RNA sequen-
cing technologies had accelerated the diagnosis of
TB and the discovery of therapeutic targets.
Biomarkers that distinguished between active TB
and latent TB had been identified based on these
technologies [12]. However, the relationship
between monocytes and these biomarkers and the
underlying molecular mechanisms of the role of
monocytes in TB is still unknown. Therefore,
monocytes in active TB and latent TB are worthy
of in-depth investigation.

Monocytes may play an essential role in the
development of tuberculosis. Therefore, this

study aimed to investigate the role of hub mono-
cyte-associated genes in distinguishing LTBI from
active TB.

2. Methods and materials
2.1 Source of information

We obtained the human microarray dataset
GSE54992 [13] from the Gene Expression
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/
geo/) database. In addition, the data for gene
expression from the Affymetrix Human Genome
U133 Plus 2.0 Array of peripheral blood mono-
nuclear cells (PBMCs) in nine active and six latent
tuberculosis samples were analyzed. The raw tran-
scriptomic data were processed by normalization
and log, transcriptomics using robust multiple
average algorithms before further analysis [14].

2.2 Evaluation of immune cells in PBMCs of
tuberculosis

CIBERSORT is a deconvolution algorithm used to
characterize the cellular composition of tissues
according to the patterns of their gene expression
profiles [15]. To determine the abundance of
immune cells in the peripheral blood of patients
with tuberculosis, the LM22 matrix was used as
the reference [16], and the CIBERSORT algorithm
was executed with 1000 permutations in
GSE54992. CIBERSORT output, according to
Monte Carlo sampling [17], produced the decon-
volution P-values, which indicated the reliability of
the results for all samples. Only the peripheral
blood samples of tuberculosis patients (p < 0.05)
were used to evaluate the immune cell type com-
position in this study. The Wilcoxon rank-sum test
compared the abundance of immune cell types
between latent and active TB.

2.3 Screening monocyte-related genes

The ‘limma’ package in the R software was used to
identify the DEGs among latent and active TB
samples. If |fold change|>1 and P < 0.05, genes
were considered to be differentially expressed.
Finally, Pearson’s correlation analysis was used to
identify genes related to monocyte abundance. The
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genes were considered as DEMonRGs for
a Pearson correlation coefficient>0.7.

2.4 Functional enrichment analysis

The DAVID software (http://david.ncifcrf.gov/,
version 6.8) is a network-accessible tool that exam-
ines the biological relevance of a set of genes [18].
Therefore, Gene Ontology (GO) and the Kyoto
Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment analyses [18] were performed
to evaluate the potential function of the genes
using DAVID 6.8. Gene count>3 and the signifi-
cance threshold were set at p < 0.05 for the enrich-
ment analysis.

2.5 PPI network

The Search Tool for the Retrieval of Interacting
Genes (STRING version 11.5) (http://string-db.
org) was used to systematically screen human pro-
tein interactions, and the interacting genes were
retrieved.

In this study, the list of DEMonRGs was
uploaded onto the STRING database, and essential
PPIs with combined scores> 0.4 were identified.
The Cytoscape 3.6.0 (http://cytoscape.org) soft-
ware was used to visualize network interactions.
Nodes in the network with a connectivity degree >
10 were identified as hub DEMonRGs.

2.6 Validation of key genes in latent and active
tuberculosis

The ‘pheatmap’ package in R was used for evalu-
ating the association between the hub DEMonRGs
and tuberculosis progression through unsuper-
vised hierarchical clustering [19] in the
GSE54992 dataset. Four independent datasets
(GSE19444 [20], GSE37250 [21], GSE39939 [22],
and GSE39940 [22] (see Supplementary Table 1)
were used to validate the DEMonRGs between
latent and active TB. To eliminate interference
due to other factors, we eliminated the informa-
tion of patients co-infected with human immuno-
deficiency virus (HIV) from the dataset.
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Table 1. Clinical and demographic characteristic of subjects.

Characteristics HC LTBI ATB

Total number 25 10 15

Sex, male/female (% of 13/12(52.0)  5/5(50.0) 8/7(53.3)
male)

Age in years

Mean 40.5 39.2 46.8

Range 21-55 25-52 23-61

Presence of cavity 0(0) 0(0) 7/8(46.7)

Bilateral disease 0(0) 0(0) 5/10(30.0)

No. (%) with positive 0(0) 0(0) 4/11(26.7)

sputum acid-fast bacilli
smear

HC: healthy control
LTBI: latent tuberculosis infection
ATB: active tuberculosis

2.7 Characteristics of hub DEMonRGs

The hub DEMonRGs were integrated, and based
on the single sample scoring algorithm, ‘singscore,’
a multi-gene signature was constructed [23]. The
scores produced by this method were stable for
a certain sample size and the number of tested
genes. In this study, the score (called the
‘MonRG score’) relative to the hub DEMonRG
collection was calculated for the peripheral blood
samples of TB patients in the GSE19444 (n = 42),
GSE37250 (n = 180), GSE39939 (n = 66), and
GSE39940 (n = 124) datasets. The receiver operat-
ing characteristic (ROC) curve analysis was used
to evaluate the diagnostic performance of the
MonRG score for active tuberculosis, and the
medcalc2.0 software was used to calculate the
area under the curve (AUC). An equal number of
genes were selected randomly to obtain a random
score, and the bootstrap method [24] was used to
compare the diagnostic performances of the ran-
dom and MonRG scores.

2.8 Verification using clinical samples

2.8.1 Specimen collection

Peripheral blood samples of healthy adults were
collected from faculty, staff, and students between
21-55 years and underwent physical examinations
at Chengdu Medical College from January 2019 to
December 2020 with no recent infections. The
chest X-ray examinations were regular, and tuber-
culosis, tumor, autoimmune diseases, and others
were excluded. The peripheral blood of 35 healthy
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adults was tested using the T cell enzyme-linked
immunospot assay kit for tuberculosis infection
(Beijing Wantai Biological Company,
TR20210101A). Due to the positive test results,
10 patient samples with latent tuberculosis were
removed, and the remaining 25 were considered
healthy controls. Interpretation criteria for latent
tuberculosis were as previously described [25]:
positive, if the number of spots in the negative
control is 0-5, the number of spots in test
A and/or B minus the number of spots in the
negative control is >6; and if the number of spots
in the negative control was 26, the number of
spots in test A and/or test B must be >2 times
the spot numbers in the negative control.
Peripheral blood samples from 15 patients with
pulmonary tuberculosis (PTB) were obtained
from the Department of Respiratory and Critical
Care Medicine, The First Affiliated Hospital of
Chengdu Medical College. All patients were aged
23-61 years, and met the diagnostic criteria for
tuberculosis [26]. They had no tumor, autoim-
mune disease, acquired immune deficiency syn-
drome (AIDS), or any co-existing conditions.
A demographic table of the participants is shown
in Table 1. Informed consent was obtained from
all patients, and the study design was approved by
the ethics committee of Chengdu Medical College
(approval number2021 CYFYIRB-BA-14-01).

2.8.2 Extraction of peripheral blood mononuclear
cells

Anticoagulated peripheral blood (5 mL) was incu-
bated with lymphocyte separation solution (Sigma,
10,771), and the mononuclear cells were separated
by density gradient centrifugation [27]. Finally, the
cells frozen in liquid nitrogen until
further use.

were

2.8.3 Real-time fluorescence quantitative PCR to
detect cell MRNA expression

Total RNA from mononuclear cells was extracted,
and the concentration was detected using
a spectrometer. Then, reverse transcription (RT)
was performed. The cDNA was synthesized using
a reverse transcription PrimeScript™ RT reagent
Kit (Takara RR037B) and stored in a refrigerator
at —20°C until further use. Fluorescence quantita-
tive PCR was performed after cDNA synthesis

using PrimeScriptTM RT Master Mix, and RT-
qPCR was performed using SYBR® Premix Ex
TaqTM (10 pL) according to the manufacturer’s
instructions. The reaction comprised of 0.4 uL
upstream and downstream primers each
(10 pmol/L), 1 pL cDNA, and 8.4 uL RNase free
water. The conditions for the reaction were set as
follows: pre-denaturation at 95°C for 30 s, 95°C for
5 s, 60°C for 34 s for 40 cycles, and annealing at
60°C for 30 s. The reaction was performed on an
ABI 8000 real-time quantitative PCR instrument.
GAPDH was used as the internal reference, and
the 2722CT method [28] was used for the relative
quantitative analysis of expression. The primers
were synthesized by the Shanghai Sangon
Biological Engineering Technology & Services Co.
Ltd. (Shanghai, China). The primer sequences are
listed in Additional File 3 (Table S2). The mRNA
expression levels of LTBI, active tuberculosis
(ATB), and healthy control (HC) did not conform
to the normal distribution and are presented as
median values (interquartile range). The Kruskal-
Wallis H test was used to compare mRNA expres-
sion, and the Nemenyi method was used for sub-
sequent pairwise comparisons.

2.9 Statistical analysis

Non-normally distributed data in clinical data were
represented as median with 25% to 75% interquartile
range (IQR). DEMonRGs biomarkers were com-
pared between multiple groups using the Kruskal-
Wallis test, and the Nemenyi method was used for
subsequent pairwise comparisons. Statistical signifi-
cance was set at p < 0.05. Statistical analyses were
performed using MedCalc2.0 (MedCalc Software,
Ostend, Belgium), GraphPad Prism 8 (GraphPad
Software, La Jolla, CA, USA), and R 3.6.1(R Project
for Statistical Computing, https://www.r-project.
org/) software.

3. Results

In this study, the deconvolution algorithm
CIBERSORT was used to quantify the monocyte
composition in TB samples. Among the PBMCs of
patients with latent and active tuberculosis, 165
DEMonRGs were obtained through the ‘limma’ test
and correlation analysis. Subsequently, we evaluated
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the pathways involved in the biological functions of
the 165 DEMonRGs. A protein-protein interaction
(PPI) network was constructed, and the hub genes
(SERPINA1I, FUCA2, and HP) were identified, and
their expressions were further evaluated and vali-
dated using independent datasets and clinical sam-
ples. Subsequently, the hub genes were integrated,
and a multi-gene signature was established to distin-
guish latent from active TB. A schematic of the
workflow is shown in supplementary Figure 1.
These findings may help us understand the molecu-
lar mechanisms of monocyte function in the pro-
gression of TB and provide potential new
biomarkers for identifying and distinguishing of
active and latent tuberculosis.

3.1 Role of DEMonRGs in latent and active
tuberculosis

The immune cell components in the GSE54992
dataset were obtained using the CIBERSORT
deconvolution algorithm (Supplementary Table 3).

The results from 15 PBMCs samples from the
GSE54992 dataset are presented in Figure 1(a).
Active TB samples had higher infiltration of
monocytes than the latent TB samples (Figure 1
(b), p < 0.001). In PBMCs, 2323 DEGs were

o

Latent Tuberculous Infection

BIOENGINEERED 10803

obtained between six latent and nine active tuber-
culosis samples based on the limma test. Among
them, 165 genes were highly correlated with
monocytes (correlation coefficient> 0.7), and
these were considered as DEMonRGs (Figure 1
(c), Supplementary Table 3). Along with mono-
cytes, four other immune cell types also showed
significant  differences in their distribution
between latent and active TB samples: memory
B cells, CD8 T cells, gamma delta T cells, and
activated dendritic cells. However, only monocytes
had the highest abundance among the active TB
samples and the highest number of genes with
a correlation coefficient of> 0.7. These results indi-
cate that the selected genes were mainly associated
with monocytes for active TB.

3.2 Enrichment analysis for DEMonRGs

For functional analysis, the DEMonRG list was
uploaded onto the DAVID 6.8 tool. The GO bio-
logical processes showed that these genes were
mainly involved in the inflammatory response,
apoptosis process, defense response to fungi,
defense response to bacteria, and tumor necrosis
factor-mediated signaling pathways. In addition,
the KEGG pathway enrichment analysis showed

Active Tuberculosis
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Figure 1. Identification of the differentially expressed monocyte-related genes between latent and active tuberculosis. (a) The
CIBERSORT algorithm was used to estimate the abundance of 22 immune cell types in the 15 samples. (b) Fraction of monocytes in
PBMCs of 6 LTBI and 9 ATB. (c) The volcano plot of the DEGs in PBMCs of 6 latent- and 9 active tuberculosis PBMCs samples.

Blue represents the down-regulated genes, red represents the up-regulated genes, and the green represents the differentially

expressed genes with a correlation coefficient> 0.7, in monocytes.
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Figure3 The protein-protein interaction network of DEMonRGs. Green represents the down-regulated genes, and red represents the

up-regulated genes. Genes in the yellow box represent hub genes.

that these genes were significantly enriched in
lysosome-related pathways (Figure 2).

3.3 PPI network analysis

The PPI network of DEMonRGs was constructed
using STRING. As shown in Figure 3, this is
a scale-free network consisting of 113 nodes and
111 edges. Genes with connectivity degree > 10,
including SERPINAI (degree = 11), FUCA2

(degree = 11), and HP (degree = 10) were identi-
fied as hub DEGs in the network. All these genes
were upregulated in active TB samples compared
with latent tuberculosis samples.

3.4 Validation of hub DEMonRGs in latent and
active tuberculosis

Unsupervised hierarchical clustering for hub
DEMonRGs was performed for the GSE54992



dataset. As shown in Figure 4(a), the samples were
classified into two different clusters: all latent
tuberculosis samples were grouped in cluster 1,
and all active TB samples were included in cluster
2. SERPINAI, FUCA2, and HP were potentially
related to the active status of TB infection. Then,
the expression of the three genes was verified
using four independent datasets (GSE19444,
GSE37250, GSE39939, and GSE39940). As shown
in Figure 4(b), all hub DEGs had significantly
higher expression in active TB samples. Notably,
these genes in GSE39939 and GSE39939, which
included tuberculosis samples in children who
were not infected with human immunodeficiency
virus (HIV), were also upregulated.

3.5 Verification in clinical samples

RT-qPCR results showed that peripheral blood
mononuclear cell expression in SERPINAI,
FUCA2, and HP among patients with latent TB
were 0.350 (0.181,0.583), 0.204 (0.117,0.329), and
0.465 (0.390,0.633), respectively; in active tubercu-
losis patients SERPINA1, FUCA2, and HP mRNA
expression levels were 0.873 (0.444,1.210), 0.543
(0.342,0.732), and 1.239 (0.462,1.738), respectively.
For healthy individuals SERPINA1, FUCA2, and
HP mRNA expression levels were 0.198
(0.080,0.459), 0.283 (0.109,0.457), and 0.233
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(0.432,0.594), respectively. The Kruskal-Wallis
test showed that the differences between the
three groups were statistically significant (all
P < 0.05). The SERPINA1, FUCA2, and HP expres-
sion levels in PBMCs from patients with active
pulmonary tuberculosis were significantly higher
than those in latent pulmonary tuberculosis and
healthy individuals (all P < 0.05), as shown in
Figure 5(a-c). However, there were no differences
in SERPINAI, FUCA2, and HP mRNA expression
between latent tuberculosis and healthy controls.

3.6 Clinical significance of hub gene
characteristics

Since patients with latent tuberculosis were more
likely to develop active tuberculosis, we speculated
that hub DEMonRGs might help distinguish latent
and active TB. As described in the previous sec-
tion, the ‘singscore’ algorithm was used to verify
this hypothesis to aggregate the three hub
DEMonRGs, and the MonRG score was calculated.
In the GSE37250, GSE39939, and GSE39940 data-
sets, the MonRG scores of patients with active TB
were significantly higher than those of patients
with latent tuberculosis (Figure 6(a-c)). ROC ana-
lysis showed that the AUC value of the MonRG
score for identification of active tuberculosis (TB)
in the GSE37250 dataset was 0.715, which was
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Figure 4. Expression patterns of hub DEMonRGs between latent and active tuberculosis peripheral blood samples. (a) The heat map
for unsupervised hierarchical clustering of the three hub DEMonRGs in GSE54992. (b) Validation of the hub DEMonRGs in other GEO

datasets
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GSE39939, GSE39940 datasets, respectively. AUC: area under the curve; LTBI: latent tuberculosis infection; ATB: active tuberculosis

significantly higher than that of the random con-
dition (Figure 6(d); AUC 0.598, bootstrap
p < 0.05). Similar results were obtained in the
GSE39939 and GSE39940 datasets (Figure 6(e);
AUC = 0.769, bootstrap P < 0.05; Figure 6(f);
AUC = 0.745, bootstrap P < 0.05) (Table 2).

4. Discussion

Recent data from single-cell RNA sequencing and
flow cytometry showed an increase in the propor-
tion of monocytes for active tuberculosis.
Mortality was related to innate immune activation
and monocyte dysfunction in the pathogenesis of

tuberculosis [29]. In addition, studies had reported
that monocytes were involved in tuberculosis-
associated immune reconstitution inflammatory
syndrome (TB-IRIS) [30]. Druszczynska et al.
[31] also reported that in patients with active
tuberculosis, the simultaneous increase in the
monocyte signal transduction receptor membrane-
bound CD14 (mCD14) and lymphocyte function-
associated antigen (LFA-1) integrin might be con-
sidered a prodrome of breathing immune control
by Mycobacterium tuberculosis in patients with
LTBI and absence of clinical symptoms.
However, monocyte-related molecular mechan-
isms and gene-based biomarkers during the
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Table 2. ROC analysis of MonRG score and random condition for discrimination between ATB and LTBI group.

Cutoff value AUC (95% Cl) Sensitivity(%) Specificity(%)

GSE37250

MonRG score 0.573 0.717(0.643-0.780) 56.7 79.5
Random 0.534 0.598(0.522 — 0.670) 60.8 60.2
GSE39939

MonRG score 0.463 0.769(0.648-0.863) 82.7 64.3
Random 0.343 0.545(0.417-0.668) 36.5 78.6
GSE39940

MonRG score 0.523 0.745(0.659-0.819) 70.0 72.2
Random 0.279 0.541(0.449-0.630) 743 389

AUC: Area under the curve

occurrence and development of tuberculosis
remain under investigation. Consistent with pre-
vious studies, a significant increase in monocyte
abundance in the peripheral blood of patients with
active TB was observed in this study. We identified
169 monocyte-related genes in patients with latent
tuberculosis and active tuberculosis. These genes
were mainly associated with inflammatory
response, apoptosis process, defense response to
fungi and bacteria, and tumor necrosis factor-
mediated signaling pathways. In the PPI network,
based on their degree of connectivity, SERPINAI
(degree = 11), FUCA2 (degree = 11), and HP
(degree = 10) were identified as core genes. The
expression patterns of these monocyte-related
genes were verified using independent datasets
for latent and active TB. More importantly, the
core gene signature based on the ‘singscore’ algo-
rithm could distinguish latent and active TB. The
singscore method described in this study functions
independently of sample composition in gene
expression data and thus provided stable scores,
which were particularly useful for small datasets or
data integration. The sample size of the GEO
cohorts included in this study was relatively
small, as we chose the single-score method.
Bioinformatic analysis showed that monocyte-
related genes were mainly enriched in immune-
related biological processes, such as tumor necro-
sis factor-related pathways, lysosomal pathways,
type I interferon secretion, and inflammatory fac-
tor responses. Immunological differences existed
between latent and active tuberculosis. Some
immune indices had been reported in active TB
disease, possibly as a nonspecific indication of
inflammation and immune activation, thus reflect-
ing disease activity [32]. The bioinformatic

analysis suggested that an impaired immune
response in patients might facilitate either primary
infection with Mycobacterium or reactivation of
latent tuberculosis. Previous studies reported that
the body could release pro- tumor necrosis factor-
a (TNF-a) after Mycobacterium tuberculosis
infection to condition the adjacent uninfected
cells to produce anti-tuberculosis activity and
form granulomas, Interleukin-3 (IL-3) and inter-
feron-gamma (IFN-y) produced by cellular immu-
nity can reach the local area of tuberculosis
infection and enhance this effect [32]. In addition,
Quesniaux et al. [33] showed that overproduction
of tumor necrosis factor might lead to immuno-
pathology, while defective production of tumor
necrosis factor could lead to uncontrolled infec-
tion. TNF-a is a crucial effector for tuberculosis
control and can play a protective role by guiding
the formation of granulomas, aggregation of
macrophages, and formation of other immune
cells [34]. The loss of tumor necrosis factor signal-
ing led to the progression of human tuberculosis
and increased mortality in mice infected with
Mycobacterium tuberculosis due to necrotizing
tissue granuloma. Roca et al. [35] showed that
tumor necrosis factor-a induced programmed
pathogenic macrophage necrosis in tuberculosis
through the mitochondrial-lysosome-endoplasmic
reticullum pathway. Indeed, the lysosomal-related
pathway was enriched in monocyte-related differ-
ential genes in this study. Zhang et al. [36] deter-
mined the key role of autocrine or paracrine
signals of type I interferon secreted from macro-
phages using in vitro M.tb-infected macrophages
screened by genome-wide CRISPR-Cas9 and
found that type I interferon signaling enhanced
the effect of the first-line tuberculosis drug
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rifampicin in M.tb-infected mice. The above
results also supported the findings of our bioinfor-
matics analysis that the biological processes of
immune inflammation and active TB shared
some common genes. These results indicated that
monocyte-related genes might be involved in the
progression of TB mediated by immune inflam-
mation. However, the specific underlying mechan-
isms need to be further verified.

In this study, three key monocyte-related genes,
SERPINAI, FUCA2, and HP, were identified from
the PPI network. Among these genes, only
Haptoglobin (HP) is known to be directly related
to the progression and activity of tuberculosis. In
an acute-phase response, haptoglobin protein par-
ticipates in the pathophysiological processes of
tissue damage repair, anti-infection, and mainte-
nance of internal environment stability. HP
expression is significantly upregulated in TB
pleurisy [37]. The clinical sample verification in
this study also showed that the HP levels in the
PBMCs of patients with active TB were higher
than those in patients with latent tuberculosis
and healthy controls. We speculated that the
increased HP levels in active TB were related to
tissue hypoxia. When the tissue experienced
hypoxic conditions, many red blood cells were
lysed, and correspondingly, the blood hemoglobin
content increased. To take up excessive hemoglo-
bin in the body, the expression of haptoglobin
rises concomitantly. Patients with active TB were
in a hypersensitive state. Serine protease inhibitor
Al (SERPINA1) has a highly conserved protein
structure, and its proportion contributes to more
than 90% of the total plasma protease inhibitory
ability. Arya et al. [38] showed that SERPINA1 was
highly expressed in active tuberculosis through the
iTRAQ-I experiment, which was confirmed by
Western blotting. As an acute-phase reactive pro-
tein, SERPINAL1 is primarily synthesized in liver
cells, but can also be produced by epithelial cells,
monocytes, and macrophages. Active tuberculosis
is also an infection that causes chronic pulmonary
inflammation over a prolonged period [39]. This
could explain why SERPINAI expression levels in
PBMCs from patients with active pulmonary
tuberculosis were significantly higher than those
in patients with latent pulmonary tuberculosis and
healthy individuals. However, the underlying

molecular mechanism regulating SERPINAI in
tuberculosis remains unknown and requires
further investigation. Alpha-1-fucosidase specific
antibody (FUCA?2) is an acid hydrolase that cata-
lyzes fucosyl glycoproteins and glycolipids. FUCA2
is widely expressed in the tissue types, blood, and
body fluids of humans and animals [40] and plays
an important role in inflammation. Sobkowicz
et al. [41] showed that upon stimulation of
BEAS-2B cells by interferon-y, FUCA2 was over-
expressed, and its expression was regulated by the
Thl cytokine INF-y. Several studies had shown
that IFN-y played a central role in the anti-
tuberculosis immune response, and its level was
generally elevated in the peripheral blood of
patients with active tuberculosis [42,43]. In this
study, the increase of FUCA2 mRNA in the per-
ipheral blood of patients with active pulmonary
tuberculosis could also be related to the regulation
of IFN-y.

Although the roles of FUCA2 and SERPINAI in
tuberculosis have not been determined, we found
that the expression patterns of these key monocyte-
related genes in latent and active tuberculosis were
consistent in all independent data set validations.
These genes were also reported to be related to the
progression of several inflammatory diseases, includ-
ing asthma and tumors [40,41,44,45]. To further
verify the role of key monocyte-related genes in
distinguishing latent and active tuberculosis, a three-
gene signature based on monocyte-related genes was
constructed. This feature showed good performance
in determining latent tuberculosis from active tuber-
culosis. As an obligate intracellular pathogen,
M. tuberculosis has numerous adaptive mechanisms
that modify cellular processes to fight against the
host immune response. In latent TB infection,
M. tuberculosis benefits from immune changes that
occur in the host cells (monocytes or macrophages)
during mycobacterial infection [46]. These changes
provide a favorable environment for M. tuberculosis
in the host cells and promote mycobacterial survival,
growth, and latency. Thus, the genetic characteristics
of monocyte-related genes may help distinguish
latent tuberculosis from active TB.

Several studies had used the CIBERSORT algo-
rithm to study, diagnose, and potentially treat
chronic diseases [47,48] by directly screening key
biomarkers and investigating immune infiltration



between cases and controls. In our study, the
CIBERSORT algorithm and singcore method were
combined to screen the hub monocyte-related
genes, which could help to distinguish between
latent tuberculosis infection and active TB. In addi-
tion to the validity of the results, we carried out
sample validation using a small number of samples
(10 LTBI samples, 25 healthy control samples, 15
ATB samples), and the results were similar.
However, this study had a few limitations. First,
the monocyte abundance was estimated using the
CIBERSORT algorithm and LM22 mixture as the
reference; the latter was derived from circulating
leukocytes, and not bulk tissues. Second, several
immune cell types alter their patterns of gene
expression during long-term TB infection.
Although CIBERSORT was a superior and widely
used method quantifying closely related cell sub-
types in complex tissues, transcriptional biases,
including unknown mixture content and noise,
might result in some inaccuracies in the deconvolu-
tion results. Third, the current study lacked cell- and
animal-based experiments. Although the expression
of hub DEMonRGs was verified in multiple GEO
data, the specific molecular mechanisms underlying
these gene functions are largely unknown and
should be examined in future experiments.

5. Conclusion

In conclusion, this comprehensive study provides
a systematic perspective on monocyte-related genes
in latent and active TB. Several molecular mechan-
isms underlying the link between monocytes and TB
have been discussed. In addition, three genes may
play a key role in active TB. These results provide
a better understanding of the functional mechanisms
of monocytes in TB. These findings may have impor-
tant implications for candidate biomarkers for the
diagnosis and treatment of tuberculosis.
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