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Background: Tuberculosis (TB) stands as the second most prevalent infectious agent-related cause of death worldwide in 2022,
trailing only COVID-19. With 1.13 million reported deaths, this figure is more than half of the mortality associated with human
immunodeficiency virus/acquired immunodeficiency syndrome (HIV/AIDS), which accounted for 0.63million deaths. Diagnosing
Mycobacterium tuberculosis (MTB) infection remains a formidable challenge due to the inability to isolate and detect MTB in
sputum and within the human body. The absence of universally reliable diagnostic criteria for MTB infection globally poses a
significant obstacle to preventing the progression of tuberculosis from the MTB infection stage.
Methods: In this study, our objective was to formulate a diagnostic biomarker cluster capable of discerning the progression of
MTB infection and disease. This was achieved through a comprehensive joint multiomics analysis, encompassing transcriptome,
proteome, and metabolome, conducted on lung tissue samples obtained from both normal control mice and those infected with
MTB.
Results: A total of 1690 differentially expressed genes and 94 differentially expressed proteins were systematically screened. From
this pool, 10 core genes were singled out. Additionally, eight long non-coding ribonucleic acids and eight metabolites linked to
these core genes were identified to establish a cohesive cluster of biomarkers. This multiomics-based biomarker cluster demon-
strated its capability to differentiate uninfected samples from MTB-infected samples effectively in both principle component
analysis and the construction of a random forest model.
Conclusion: The outcomes of our study strongly suggest that the multiomics-based biomarker cluster holds significant potential
for enhancing the diagnosis of MTB infection.
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Introduction

Tuberculosis (TB), ranking among the top 10 global
causes of death, is a chronic infectious disease caused
byMycobacterium tuberculosis (MTB), primarily affecting
the lungs [1]. Approximately one-fourth of the world’s pop-
ulation carries anMTB infection, with 5%–10% of those in-
dividuals at risk of developing TB [2]. The primary mode
of MTB transmission is through sputum droplets from in-
fected individuals [3]. In the early stages, 10% of MTB-

infected patients exhibit clinical symptoms such as cough
and sputum production, with the majority having latent in-
fections [4]. Understanding the pathogenesis leading from
asymptomatic infection to active TB has been a longstand-
ing focus of research.

Early diagnosis of MTB infection is crucial, particu-
larly given the limitations of methods focused on mycobac-
terium pathogens, such as acid-fast bacteria staining [5] and
sputum culture, in detecting latent infections. The World
Health Organization (WHO) recommends non-pathogen-
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based detection methods to enhance clinical identification
of MTB infection [6]. Host immune response biomarkers
offer valuable insights to address this challenge.

In clinical settings, immunology-based approaches,
including the tuberculin derivative skin test or purified pro-
tein derivative, have long been employed for TB diag-
nosis [7]. Similarly, the T cell-based TB-specific anti-
gen response interferon-γ release test [8], which detects
MTB-specific antibodies but exhibits low sensitivity and
specificity [9]. Despite the emergence of novel biomark-
ers like non-coding ribonucleic acids (ncRNA) such as
MIR3945HG, NEAT1, PCED1B-AS1, LOC152742, and
ENST00000354432 [10], as well as metabolites like fatty
acids, amino acids, palmitic acid, phosphatidylcholine,
and lysophosphatidylcholine [11], precise determination of
MTB infection based on a single immunological biomarker
remains challenging.

In contrast to the aforementioned methods, multi-
omics technology holds promise for a more comprehensive
understanding of MTB infection characteristics by integrat-
ing information from the transcriptome, genome, proteome,
and metabolome. This hypothesis draws inspiration from
the significant strides made in tumor research utilizing mul-
tiomics [12]. For instance, a comprehensive analysis of ge-
nomic, transcriptomic, and proteomic data unveiled abnor-
mal gene expression linked to tumor progression in prostate
cancer patients [13]. Similarly, a study combining pro-
teomic and metabolomic data identified specific metabolite
changes in plasma samples of systemic lupus erythematosus
patients, aiding in the identification of disease-associated
molecular markers and potential therapeutic targets; an-
other study integrating proteomic and metabolomic data,
detailed cell behavior post-viral infection [14,15]. Surpris-
ingly, in the context of TB infection and morbidity, mul-
tiomics methods have not yet been extensively employed
to detect immune marker groups. Existing biomarkers as-
sociated with TB infection have primarily been screened
using single technologies, including transcriptomics [16],
proteomics [17], and metabolomics [18]. Leveraging mul-
tiomics methods to explore immune marker groups has the
potential to significantly contribute to both early detection
and disease control of TB.

Hence, the focus of this study was to explore an im-
mune biomarkers cluster using transcriptome, proteome,
and metabolome data to assess MTB infection. Lung tis-
sue samples were procured from six normal and six MTB-
infected mice, and differentially expressed genes, proteins,
and metabolites were identified betweenMTB-infected and
non-infected samples. Additionally, a set of immune mark-
ers, including non-coding RNAs, coding RNAs, proteins,
and metabolites, associated with MTB infection in mice
were identified. These findings present a promising avenue
for enhancing MTB-infected diagnostics in humans.

Materials and Methods

Bacterial Culture
MTB H37Rv strains (American Type Culture Collec-

tion, 25618) were cultivated in Middlebrook 7H9 medium
(Becton Dickinson, 271310), supplemented with 0.5%
glycerol, 0.05% Tween-80, and 10% oleic acid-albumin-
dextrose-catalase. MTB working stocks were meticulously
prepared during the mid-log phase, with the optical density
at 600 nm ranging between 0.6 and 0.8.

Animal Care and Sample Collection
Female C57BL/6 mice, aged 6–8 weeks, were pro-

cured from Cyagen Biosciences, Inc. (Suzhou, China) and
were maintained under controlled Animal Biosafety Level
3 barrier conditions in specialized animal care facilities.
This study received approval from the Animal Experiment
Ethics Committee of Beijing Chest Hospital (No. XK2023-
040). Mice were randomly assigned to either the infection
or control groups. In the infection group, three animals
were intravenously injected via the tail vein with approx-
imately 1 × 106 CFU of MTB H37Rv. The experiments
adhered to the guidelines outlined by the Chinese Council
on Animal Care. After a 10-week duration, all mice were
anesthetized by intraperitoneal injection of a 1% pentobar-
bital sodium solution (50 mg/kg) and sacrificed by cervical
dislocation. Their lung tissue samples were collected.

Transcriptome Generation
For the identification of RNA biomarker candidates

associated with TB, lung tissue samples from the mice were
promptly dissected, snap-frozen in liquid nitrogen, ground
into a powder in a mortar, and then transferred to a ribonu-
clease (RNase)-free tube. Total RNA extraction was carried
out using TRIzol reagent (Invitrogen, Carlsbad, CA, USA)
in accordance with the manufacturer’s guidelines. Subse-
quently, the obtained RNA was resuspended in RNase-free
water and stored at –80 °C. The purity of RNA was as-
sessed using the kaiao K5500® Spectrophotometer (Kaiao,
Beijing, China), while the RNA concentration and integrity
were evaluated using the RNA Nano 6000 Assay kit on the
Bioanalyzer 2100 system (Agilent Technologies, Palo Alto,
CA, USA). Enriched messenger RNA (mRNA) underwent
fragmentation to construct a high-quality RNA sequencing
library, employing KAPA Stranded RNA-Seq kits per the
manufacturer’s instructions. Sequencing of the prepared li-
braries was executed on the Illumina HiSeq X Ten platform
(Illumina, San Diego, CA, USA).

Metabolome Generation
To identify metabolite biomarker candidates associ-

ated with TB, mice lung tissue samples were thawed at
room temperature and transferred into 1.5 mL Eppendorf
(EP) tubes. Subsequently, the tissues were homogenized at
45 Hz for 1 minute, repeated twice, in an extraction solvent
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(80% methanol [v/v]) containing steel beads. After cen-
trifugation, 350 µL of the supernatant was transferred into
1.5 mL EP tubes and dried completely in a vacuum concen-
trator without heating.

Next, 30 µL of methoxyamination hydrochlo-
ride (20 mg/mL in pyridine) and 40 µL of the N,O-
Bis(trimethylsilyl) trifluoroacetamide reagent (1%
trimethylsilyl chloride, v/v) were sequentially added
to each sample. The samples were incubated for 30
minutes at 80 °C and then for 1.5 hours at 70 °C. All
samples underwent further analysis using an Agilent 7890
gas chromatograph system coupled with a Pegasus high
throughput (HT) time-of-flight (TOF) mass spectrometer.
Data preprocessing and annotation were performed using
the Chroma TOF 4.3X software (LECO Corporation, Saint
Joseph, MI, USA) and the LECO-Fiehn Rtx5 database.

Proteome Generation
To identify protein biomarker candidates associated

with TB, approximately 100 mg of frozen mice lung tissue
sample was homogenized in 500 µL of extraction buffer (8
M urea, 1 mM phenylmethylsulfonyl fluoride, 1 × Roche
complete mini protease inhibitor cocktail, pH 7.4) for 5
minutes. The protein content in each sample lysate was
determined using a bicinchoninic acid assay kit (Thermo
Fisher, Waltham, MA, USA, 23235). The lysate underwent
reductionwith 10mMdithiothreitol and alkylationwith 100
mM iodoacetamide. Enzyme lysate (50 mM NH4HCO3,
5% ceric ammonium nitrate (CAN), 10 ng/µL trypsin, dou-
ble distilled (dd)H2O) was added to digest the samples into
peptides. Subsequently, the peptides were desalted using
an extraction solution (5% formic acid, 50% CAN, ddH2O)
through vacuum freeze-drying.

For Tandem Mass Tag (TMT) labeling, a TMT Kit
(Thermo Fisher, Waltham,MA, USA, 90064B) was utilized
to recombine the peptides in 0.5 tetradecyltrimethylammo-
nium bromide following the manufacturer’s protocol. The
mixture was then incubated for 2 hours at room temperature
(37 °C) for TMT labeling. The labeled peptides were sep-
arated through high-pH reversed-phase high-performance
liquid chromatography and analyzed using mass spectrom-
etry.

Study Participants
To validate the applicability of the identified mice

RNA biomarker candidates in patients with TB, whole
blood samples were collected from additional healthy
donors (n = 3) and pulmonary TB patients (n = 6) undergo-
ing examination at Beijing Chest Hospital, Capital Medical
University (Beijing, China). Healthy donors, confirmed to
be MTB-negative serologically, and TB patients, who had
not received any anti-TB treatment at the time of examina-
tion, were adults over 18 years of age. All study partici-
pants provided written informed consent. The use of dei-
dentified patient information and the collection of clinical

samples were approved by the Ethics Committee of the Bei-
jing Chest Hospital, Capital Medical University (Beijing,
China) (No. BJCH-2019-0301-018).

RNA Extraction and Quantitative Polymerase Chain
Reaction (PCR)

Peripheral blood mononuclear cells (PBMCs) were
obtained from the remaining blood samples of healthy
donors and patients with TB, as examined at Beijing Chest
Hospital. The isolation of peripheral PBMCs involved
density gradient centrifugation, utilizing a density reagent
(Tianjin Yeyang Huake Biological Technology Co., Ltd.,
Tianjin, China, HY2015), following the manufacturer’s in-
structions. Subsequently, RNA extraction from PBMCs
was carried out using the Total RNA Extraction Kit (de-
oxyribonuclease I) (GenePool, Beijing, China, GPQ1801)
in accordance with the provided instructions. Complemen-
tary deoxyribonucleic acid (cDNA) synthesis was achieved
using an mRNA cDNA Synthesis Kit (GenePool, Beijing,
China, GPQ1803) following the manufacturer’s protocol.

For real-time PCR analysis, an mRNA/long ncRNA
(lncRNA) quantitative PCR Kit (GenePool, Beijing, China,
GPQ1808) was employed on a QuantStudio7 instrument
(Thermo Fisher, Waltham, MA, USA, A43162). Each re-
action, conducted in a total volume of 20 µL, included an
initial denaturation at 95 °C for 30 seconds, followed by
45 cycles of amplification and quantification at 95 °C for
5 seconds and 60 °C for 30 seconds. Gene expression lev-
els were normalized to the internal reference expression of
glyceraldehyde-3-phosphate dehydrogenase. The relative
mRNA levels were calculated using the 2−∆∆Ct method.
The primer sequences utilized are provided in Supplemen-
tary Table 1.

RNA Sequence Analysis
RNA sequencing was conducted on six normal

and six pulmonary TB samples. The raw sequencing
data, after filtering, were aligned to the mouse reference
genome (GCF_000001635.27_GRCm39_genomic.fna) us-
ing Hisat2 version 2.2.1 (https://daehwankimlab.github.io/
hisat2/). Subsequently, transcriptome quantification was
performed using HTseq-count version 2.0.7 (https://pypi.p
ython.org/pypi/HTSeq), yielding the count value for each
gene.

The analysis of differentially expressed genes (DEGs)
was carried out using the linear models for microarray data
(limma) package [19]. The criteria for selecting DEGs be-
tween TB mice and controls included |log2(fold change)|
>1 and a p-value < 0.05. The outcomes of the DEG anal-
ysis were visually represented in a volcano plot using the
“ggplot2” package. DEGs were categorized into long non-
coding RNAs (lncRNAs) and messenger RNA (mRNA),
denoted as differentially expressed lncRNAs (lnc_DEGs)
and differentially expressed mRNAs (m_DEGs), respec-
tively.
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Proteome Analysis

The proteomic data consisted of 10 samples, including
two biological replicates. The mean value of these repli-
cates was considered the quantitative value for each sample.
The dataset comprised six samples from normal mice and
three from individuals with pulmonary TB. Notably, three
of these samples were matched with the RNA sequencing
samples.

Orthogonal Partial Least Squares Discriminant Anal-
ysis (OPLS-DA) was employed to identify significant in-
dependent variables distinguishing between TB and normal
mice. The roPLS package facilitated this analysis, and vari-
able important in projection (VIP) values were computed
using the OPLS-DA difference test method [20]. VIP rep-
resents the variable weight in the OPLS-DA model, mea-
suring the strength of influence and explanatory power
of each protein/metabolite accumulation difference on the
classification discrimination of sample groups. A com-
monly accepted screening criterion is VIP ≥1. Differen-
tially expressed proteins (DEPs) between TB and control
mice were identified based on the following selection crite-
ria: |log2(fold change)| >1, p-value < 0.05, and VIP ≥1.

To further understand the biological functions of the
identified DEPs between TB and normal mice, Gene Ontol-
ogy (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analyses were conducted us-
ing the “clusterProfiler” package [21,22]. GO analysis fo-
cuses on the enrichment of biological processes (BPs), cell
components (CCs), and molecular functions (MFs). The
threshold for significance was set at a p-value of <0.05.

Metabolome Analysis
The metabolome data encompassed 12 samples, com-

prising 6 normal samples and 6 pulmonary TB samples,
perfectly aligned with the RNA sequencing samples. The
dataset comprised a total of 844 metabolites. Differentially
expressed metabolites (DEMs) between TB and control
mice were identified using the following criteria: |log2(fold
change)| >1, p-value < 0.05, and VIP ≥1.

Multiomics Analysis
The identification of candidate mRNA and pro-

tein candidates involved determining the intersection of
upregulated differentially expressed mRNAs (m_DEGs)
and DEPs, as well as the intersection of downregulated
m_DEGs and DEPs.

For further analysis, Pearson correlation analysis was
conducted between candidate proteins and differentially ex-
pressed metabolites (DEMs). Key metabolites were singled
out based on the criteria of |correlation coefficient| >0.8
and a p-value < 0.05. Subsequently, a network depict-
ing the relationships between candidate proteins and key
metabolites was constructed using Cytoscape [23].

Additionally, Pearson correlation analysis of the can-
didate mRNAs and lnc_DEGs was performed. Key lncR-
NAs were identified using the criteria of |correlation
coefficient| >0.95 and a p-value < 0.05.

Omics Analysis of Key Metabolites, lncRNAs, and
mRNAs

The biological functions of the identified key metabo-
lites were analyzed using the Metabolomics Analyst
(Metabo-Analyst) online tool available at http://www.meta
boanalyst.ca/. Subsequently, a random forest model was
constructed based on the key metabolites, long non-coding
RNAs (lncRNAs), and messenger RNAs (mRNAs) us-
ing the randomForest software package (https://www.stat
.berkeley.edu/~breiman/RandomForests/). Random forests
consist of classification and regression trees, simple models
that employ binary splits on predictor variables to determine
outcome predictions [24]. In this context, they predict the
importance of key metabolites/lncRNAs or assess the con-
tribution of key metabolites, lncRNAs, and mRNAs to pre-
diction accuracy through the Gini index. The Gini score is
calculated for every tree, averaged across the entire ensem-
ble, and divided by the standard deviation over the entire
ensemble. Hence, a higher Gini score indicates greater im-
portance of the key metabolite, lncRNA, or mRNA.

Statistical Analysis
The data analysis was conducted using R software

(version 4.1.0) (https://www.r-project.org/). A t-test was
employed for comparisons between the two groups. Statis-
tical significance was determined based on differences with
a p-value < 0.05.

Results

DEGs, DEPs, and DEMs between TB and Control
Samples

The design flow chart of this study is shown in Fig. 1.
A comprehensive total of 1690 DEGs were identified

as statistically significant between the TB and control sam-
ples. This set comprised 552 lnc_DEGs and 1011m_DEGs.
Among them, 476 geneswere upregulated, while 1214were
downregulated in the TB group compared to the control
group (Fig. 2A,a, Supplementary Table 2). The expres-
sion patterns of the top 100 DEGs in each sample are visu-
ally represented in a heatmap (Fig. 2A,b).

To identify DEPs, an OPLS-DA model was estab-
lished to depict the relationship between protein expression
and sample categories, successfully predicting the sample
categories with a clear separation observed between TB and
control samples (Fig. 2B,a). A total of 94 DEPs were iden-
tified, all of which exhibited upregulation in the TB group
(Fig. 2B,b, Supplementary Table 3). The heatmap visu-
alizes the expression of DEPs in TB and control samples
(Fig. 2B,c), illustrating their elevated expression in the TB
samples.

https://www.discovmed.com/
http://www.metaboanalyst.ca/
http://www.metaboanalyst.ca/
https://www.stat.berkeley.edu/~breiman/RandomForests/
https://www.stat.berkeley.edu/~breiman/RandomForests/
https://www.r-project.org/


1272

Proteome   Transcriptome mRNA  Transcriptome lncRNA   Metabolome

DEPs m_DEGs

lnc_DEGs DEMs

Intersection   

  Candidate proteins / mRNAQRT-PCR

Key lncRNA Key mRNA Key metabolites

Candidate mRNA Candidate proteins

Correlation analysis     

PCA

Correlation analysis     

  Random forest model

Fig. 1. Study design flowchart. First, we identified lnc_DEGs, m_DEGs, DEMs, and DEPS between TB and normal mice. The
mRNA_DEGs and DEMs were intersected to obtain candidate proteins and mRNAs, and key metabolites were obtained based on the
correlation between candidate proteins and DEPs. Then, key lncRNAs were determined based on the correlation between candidate
mRNAs and lnc_DEGs. Finally, the resulting key metabolites, lncRNAs, and key mRNAs were combined to conduct PCA and build
a random forest model. lncRNA, long non-coding RNA; mRNA, messenger RNA; DEPs, differentially expressed proteins; DEGs, dif-
ferentially expressed genes; m_DEGs, differentially expressed mRNAs; qRT-PCR, quantitative reverse transcription polymerase chain
reaction; lnc_DEGs, differentially expressed lncRNAs; DEMs, differentially expressed metabolites; PCA, Principal Component Analy-
sis.

Functional analysis was conducted to explore the
biological roles of DEPs. Notably, 40 KEGG path-
ways and 601 GO terms exhibited significant enrichment
(Supplementary Table 4). DEPs were predominantly as-
sociated with immune-related KEGG pathways, including
antigen processing and presentation, phagosomes, Epstein–
Barr virus infection, human immunodeficiency virus 1 in-
fection, cell adhesionmolecules, and herpes simplex virus 1
infection (Fig. 2B,d). Consistent findings were observed in
GO enrichment, with the top BPs linked to immunity, such
as the response to interferon-gamma, antigen processing
and presentation of exogenous antigens, antigen process-
ing and presentation of peptide antigens, regulation of the
response to biotic stimuli, adaptive immune response based
on somatic recombination of immune receptors built from
immunoglobulin superfamily domains, and the defense re-
sponse to viruses (Fig. 2B,e).

Likewise, the relationship between metabolite expres-
sion and sample categories was modeled using OPLS-DA
to predict the sample categories, resulting in a clear separa-
tion between TB and control samples (Fig. 2C,a). A to-

tal of 60 DEMs were identified between TB and control
samples, consisting of 31 upregulated and 29 downregu-
lated metabolites in TB samples relative to control sam-
ples (Fig. 2C,b, Supplementary Table 5). The differen-
tial abundances of DEMs in each TB or control sample are
depicted in a heatmap (Fig. 2C,c).

Candidate Key Genes
Initially, the upregulated and downregulated m_DEGs

were intersected with DEPs to identify candidate key genes
and their corresponding proteins in TB. Ten candidate key
genes and proteins were identified in TB, including beta-
2 microglobulin (B2M), cluster of differentiation (CD)74,
guanylate binding protein (GBP)2, GBP4, histocompati-
bility 2, class II antigen A, beta 1 (H2-Ab1), hematopoi-
etic cell-specific Lyn substrate 1 (HCLS1), lymphocyte cy-
tosolic protein 1 (LCP1), prosaposin (PSAP), sterile al-
pha motif domain and helical domain-containing protein
1 (SAMHD1), and signal transducer and activator of tran-
scription 1 (STAT1) (Fig. 3A).
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Fig. 2. Transcriptomic, proteomic, and metabolomic differential analyses. (A,a) Differentially expressed genes in TB and normal
samples are shown in the volcano plot, with red dots representing significantly upregulated genes in TB samples, blue dots representing
significantly downregulated genes, and gray dots representing non-significantly regulated genes. (A,b) Heatmap of the top 100 differ-
entially expressed genes in TB and normal samples, with larger expression corresponding to the darker color, with red indicating high
expression and blue indicating low expression. (B,a) OPLS-DA score chart where the abscissa shows the predicted principal components
and the gap between groups; the ordinate shows the orthogonal principal components and the gap within the groups; the blue point indi-
cates the TB sample, and the green point indicates the normal samples. (B,b) Differentially expressed proteins in TB and normal samples
are shown in a volcano plot, with red dots representing significantly upregulated proteins in TB samples, blue dots representing signifi-
cantly downregulated proteins, and gray dots representing non-significantly upregulated proteins. (B,c) Heatmap of differential protein
expression in TB and normal samples, with higher expression corresponding to the darker color, with red indicating high expression and
blue indicating low expression. (B,d) Top 10 KEGG pathways of the differentially expressed proteins. (B,e) Top 10 GO-BP, GO-CC, and
GO-MF pathways of the differentially expressed proteins. (C,a) OPLS-DA score chart, where the abscissa shows the predicted principal
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TB and normal samples are shown in the volcano plot, with red dots representing significantly upregulated metabolites in TB samples,
blue dots representing significantly downregulated metabolites, and gray dots representing metabolites that were not significantly regu-
lated. (C,c) Heatmap of differential metabolite expression in TB and normal samples, with higher expression corresponding to the darker
color, with red indicating high expression and blue indicating low expression. TB, tuberculosis; OPLS-DA, Orthogonal Partial Least
Squares Discriminant Analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; BP, biological process; CC,
cell component; MF, molecular function; VIP, variable important in projection.
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those in healthy controls. TB, tuberculosis; DEG, differentially expressed gene; DEP, differentially expressed protein; up, upregulated;
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To validate these findings, three randomly selected
biomarkers, namely STAT1, GBP4, and SAMHD1, were
assessed in TB samples using quantitative reverse transcrip-
tion polymerase chain reaction (qRT-PCR). Consistent with
the predictions, the expression levels of STAT1 (p = 0.024)
andGBP4 (p = 0.024) in patients with TBwere significantly
higher than those in healthy controls (Fig. 3B). However, no
significant difference in the expression levels of SAMHD1
(p = 0.26) was observed between the two groups.

Key Metabolites

The construction of a protein-metabolite network in-
volved calculating the correlations between the 10 can-
didate proteins and 60 DEMs. Statistically significant
proteins associated with TB were screened, resulting in
the identification of eight known metabolites and one un-
known metabolite, namely Analyte 127, Analyte 314, 3-
methylglutaric acid, oxalacetic acid, N-methyl-L-glutamic
acid 2, ciliatine, 2-deoxy-D-galactose 2, and indole-3-
acetamide 1. These metabolites exhibited correlations with
seven key proteins (Fig. 4A, Supplementary Table 6).

To unravel the biological functions of the key metabo-
lites, they were subjected to enrichment analysis using
the online tool MetaboAnalyst, revealing enrichment in 48
items (Supplementary Table 7). Keymetabolites were pri-
marily involved in the biosynthesis of primary bile acids,
glycosaminoglycans, steroids, and unsaturated fatty acids,
as well as in the metabolism of phenylalanine (Fig. 4B).
The samples were further clustered based on the abundance
of key metabolites, revealing consistent higher levels in
control samples compared to TB samples (Fig. 4C). No-
tably, Analyte 127 was not identified and, consequently,
not included in the heatmap. Additionally, the correlations

among the seven key metabolites were calculated, reveal-
ing that Analyte 314 exhibited the most significant positive
correlation with 3-methylglutaric acid (Fig. 4D).

Key lncRNAs
Correlations between the 10 candidate mRNAs and

lnc_DEGs were computed, and statistically significant mR-
NAs associated with TB were screened (Supplementary
Table 8). Eight known lncRNAs were identified:
Gm36329, Gm31443, Gm14023, 9330175E14Rik,
hyaluronan synthase 2, opposite strand (Has2os), ser-
ine carboxypeptidase 1, opposite strand (Scpep1os),
Gm52174, and Gm46595. Clustering of samples based
on the expression of key lncRNAs revealed a consistent
and markedly higher expression in TB samples compared
to control samples (Fig. 5A). Additionally, correlations
among these eight key lncRNAs were calculated, high-
lighting that Gm14023 exhibited the most significant
positive correlation with Has2os (Fig. 5B).

Combined Analysis of Key lncRNAs, mRNAs, and
Metabolites

A co-expression network was established by analyz-
ing the correlation between key metabolites, key lncRNAs,
and key mRNAs (Fig. 6A). Principal Component Analysis
(PCA) results of key metabolites, key lncRNAs, and key
mRNAs (Fig. 6B) indicated a clear separation between TB
and control samples. Keymetabolites, along with their con-
tribution degrees, were utilized to construct a random forest
model. With approximately 10 decision tree data, as indi-
cated in Supplementary Table 9, the overall forecast error
rate was 0.0833, demonstrating the model’s high accuracy
in distinguishing normal samples from TB samples. The
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contribution of these key metabolites, lncRNAs, and mR-
NAs to the model’s classification accuracy was identified
and visually displayed based on feature peaks and univari-
ate statistical analysis (Fig. 6C).

Discussion

In this study, we employed transcriptome, proteome,
and metabolome methods to unearth a panel of immune
markers, comprising 10 mRNAs, 8 lncRNAs, and 8
metabolites. This comprehensive approach aimed to assess
MTB infection and unveil the course of the disease.

Following MTB infection, a total of 1690 DEGs, 94
DEPs, and 60 DEMs were identified. Through the in-
tersection of upregulated and downregulated mDEGs and
DEPs, we identified ten candidate mRNAs/proteins asso-
ciated with MTB infection, namely B2M, CD74, GBP2,
GBP4, H2-Ab1, HCLS1, LCP1, PSAP, SAMHD1, and
STAT1. These markers play diverse roles in various as-
pects of infection immunity. For instance, B2M, CD74,
HCLS1, LCP1, PSAP, and STAT1 have been reported to
regulate the immune response and inflammation in TB in-
fection [25]. Additionally, HCLS1, LCP1, and STAT1 are
associated with the cell cycle and proliferation, influencing
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T cell differentiation and the formation of immune mem-
ory. Furthermore, HCLS1, LCP1, and PSAP are involved
in the cell death pathway, affecting the release of pathogens
from cells infected with MTB [26]. Additionally, HCLS1,
LCP1, GBP2, and GBP4 influence host defense against
mycobacteria by affecting the cytoskeleton, cell motility,
and production of antimicrobial peptides [26,27]. More-
over, HCLS1 and STAT1 interact with the Toll-like recep-
tor pathway to recognize mycobacteria and elicit an im-
mune response. B2M, CD74, and H2-Ab1 are involved in
antigen presentation and CD4+ T cell activation, thereby
influencing the host immune response to mycobacteria,
while SAMHD1 is involved in autophagy by regulating nu-
cleotidemetabolism, maintaining intracellular homeostasis,
and clearing pathogens [28].

From the 10 candidate mRNAs identified as
key genes, correlation analysis with lncRNAs led
to the identification of eight key lncRNAs, namely
GM36329, GM31443, GM14023, 9330175E14Rik,
Has2os, Scpep1os, GM52174, and GM46595. Addition-
ally, correlation analysis between the 10 candidate proteins
and DEPs revealed eight known metabolites associated
with TB: Analyte 127, Analyte 314, 3-methylglutaric acid,
oxalacetic acid, N-methyl-L-glutamic acid 2, ciliatine, 2-
deoxy-D-galactose 2, and indole-3-acetamide 1. Notably,
2-deoxy-D-galactose 2 exhibited a significant correlation
with the key proteins associated with pulmonary TB.

B2M, a component of the human leukocyte anti-
gen β light chain, exhibits structural similarity to the im-
munoglobulin stable region and is widely distributed in hu-
man blood, urine, and cerebrospinal fluid. It actively par-
ticipates in cellular immune processes in vivo [29]. B2M
serves as a marker for evaluating immune activation in in-
dividuals with human immunodeficiency virus (HIV) in-

fection. In HIV/TB co-infection cases, elevated levels of
B2Mhave been observed compared to individuals withHIV
infection alone and healthy controls. Additionally, it has
been demonstrated that the interaction between early se-
creted antigenic target 6 kDa (ESAT-6) and B2M leads to a
reduction in major histocompatibility complex class I anti-
gens, contributing to the host’s ability to limit the survival
of MTB [30].

Among the 10 candidate mRNAs identified in this
study, B2M held the top ranking. B2M transcripts
showed associations with lncRNAs Gm14023, Has2os, and
metabolites Analyte 127, Analyte 314, 3-methylglutamic
acid, N-methyl-L-glutamic acid 2, ciliatine, 2-deoxy-D-
galactose 2, and indole-3-acetamide 1, forming a distinct
cluster. Furthermore, mRNA B2M was associated with
lncRNA Gm46595 and metabolite N-methyl-L-glutamic
acid 2, creating another cluster. The association of mRNA
B2M with HCLS1 was also noted, linked with metabo-
lite Analyte 314 and lncRNAs Scpep1os, Gm52174, and
Gm46595, forming additional clusters. These findings sug-
gest a crucial role for B2M in the context of MTB infection.

Among the screened mRNAs, STAT1 can effectively
regulate cell growth, differentiation, apoptosis, and im-
mune function [31]. It also plays an important role in im-
mune defense against TB infection and is related to the in-
terferon signaling pathway. Recent study has shown that
STAT1 and its related molecules are potential biomarkers
of MTB infection [32]. In our results, STAT1 clustered
with the lncRNAs Gm31443 and 9330175E14Rik and the
metabolite 3-methylglutamic acid, which helped to identify
MTB infection.

In our study, 3-methylglutaric acid demonstrated the
strongest association withmRNA inMTB-infected lung tis-
sue. Notably, 3-methylglutaric acid metabolites exhibited
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significant correlations with seven mRNAs, namely B2M,
GBP2, GBP4, HCLS1, LCP1, SAMHD1, and STAT1. As
a dicarboxylic acid associated with leucine metabolism; 3-
Methylglutaric acid accumulation in blood and urine is in-
dicative of certain metabolic disorders [33], making it a
potential biomarker for diagnosing and monitoring mito-
chondrial dysfunction. MTB infection may also affect 3-
methylglutaric acid metabolism.

This study has certain limitations. The analysis fo-
cused on the infected areas of mouse lungs for multiomics
analysis, which, while more sensitive to the host response,
may not always yield a directmatch in a readily available bi-
ological sample like blood. Additionally, the mouse model
used in the experiments demonstrated the transcription of
only a subset of core genes in a small number of human
blood samples. The equivalence of response between the

mouse model and human TB has not been thoroughly justi-
fied for biomarker research. The panel of immune biomark-
ers (10 mRNAs, 8 lncRNAs, and 8 metabolites) is restricted
to MTB-infected and normal control mice, and further re-
search is necessary to validate these findings in other sam-
ple types, such as blood, and in human patients with TB or
those infected with MTB.

In MTB infection, alterations related to RNA tran-
scription, protein translation, or metabolite production are
not independent. The immune marker cluster, based on
multiomics, assesses MTB infection and illuminates the
disease’s progression from diverse perspectives simultane-
ously. In comparison to pinpointing a singular biomarker,
immune marker clusters offer greater precision, thereby en-
hancing the diagnosis of MTB infection and tracking dis-
ease progression.
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Conclusion

In this study, a collection of immune marker pan-
els (comprising 10 mRNAs, 8 metabolites, and 8 lncR-
NAs) linked to MTB infection was identified using marker
panel analysis in a mouse model of MTB infection, draw-
ing on mRNA, proteins, metabolites, and lncRNAs. Em-
ploying PCA and a random forest model, TB and normal
samples demonstrated clear differentiation (with an error
rate of 8.33%). This holds substantial promise for diagnos-
ing MTB infection in humans based on a multiomics-based
biomarker cluster.
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