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Abstract: Objectives: The diagnosis, prevention, and treatment of tuberculosis (TB) are crucial for controlling its 
spread. This study aimed to identify potential pathogenic mechanisms and biomarkers for differentiating active pul-
monary TB (PTB) and latent TB (LTB). Methods: Microarray expression profiles (GSE19439, GSE19442, GSE19444) 
were retrieved from the GEO database, integrated, and normalized. Differentially expressed genes (DEGs) were 
obtained by comparing the PTB, LTB, and control groups. Functional enrichment analysis was performed, and poten-
tial biomarkers were identified using LASSO regression model, nomogram, and ROC curve analysis. Key candidate 
genes were further verified in a THP-1-derived macrophage infection system using qRT-PCR, Western blotting and 
biological assays. Results: A total of 4044 PTB-associated and 312 LTB-associated DEGs were identified. PTB-as-
sociated genes were significantly enriched in viral transcription and NF-κB signaling pathways, whereas LTB-related 
genes were associated with cellular protective responses and NK cell-mediated cytolysis. Through the 18-gene 
PTB panel and the 39-gene LTB panel, 13 potential biomarkers were identified, along with 12 genes validated for 
the second time. Experimental validation confirmed that Chimerin 2 (CHN2) is highly expressed in the PTB model 
and induces inflammatory responses; However, myocyte enhancer factor 2C (MEF2C) is upregulated in the LTB 
model and contributes to immune regulation. CHN2 may serve as a primary biomarker for PTB, while LOC653809 
and MEF2C may be potential biomarkers for LTB. Conclusion: Integrated bioinformatics and experimental analyses 
revealed distinct molecular profiles between PTB and LTB. The diagnostic models performed well, and candidate 
genes, particularly CHN2 and MEF2C, show promise as potential biomarkers for differential TB diagnosis.
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Introduction

Tuberculosis (TB) is a chronic contagious dis-
ease caused by Mycobacterium tuberculosis 
(Mtb), which primarily affects the lungs, result-
ing in pulmonary tuberculosis [1]. With the 
advancement of medical care and increasing 
societal awareness of TB, the mortality rate 
has been declining annually [2]. However, ac- 
tive TB can still develop during the latent pe- 
riod [3], and TB remains one of the top ten 
lethal infectious diseases worldwide [4]. As a 
highly prevalent infectious disease, TB requires 
prompt isolation of patients upon diagnosis,  
as they can transmit Mtb to others during pro-
longed exposure, whether undergoing oral anti-
tuberculosis therapy or intravenous treatment 
in hospital settings [5]. Currently, TB is classi-

fied into active pulmonary tuberculosis (PTB) 
and latent pulmonary tuberculosis (LTB). Chest 
X-ray remains the most widely used diagnostic 
tool for PTB. However, it primarily detects in- 
dividuals with obvious symptoms, limiting its 
effectiveness in preventing disease spread [6]. 
Standard diagnostic procedures for LTB in- 
clude GeneXpert and Mtb culture, both of whi- 
ch have relatively low clinical sensitivity [7]. 
Effective TB management relies on accurate 
differentiation between PTB and LTB. There- 
fore, the identification of reliable markers to 
distinguish PTB and LTB has important impli- 
cations for both treatment and epidemiological 
surveillance.

Transcriptomics is commonly applied in sys-
tems biology to explore disease mechanisms 
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and to identify genes with potential clinical util-
ity [8, 9]. Numerous differentially expressed 
genes (DEGs) have been reported in TB speci-
mens [10], but further investigation is needed 
to validate these candidates as clinically useful 
biomarkers. However, despite continuous re- 
search advances and growing attention in this 
field, robust evidence supporting early disease 
prediction remains limited.

In this study, we analyzed gene expression  
profiles from human plasma samples in the 
GSE19439, GSE19442 and GSE19444 da- 
tasets, comprising 62 PTB patients, 69 LTB 
patients, and 24 healthy controls. DEGs were 
filtered using the LASSO regression model, and 
their diagnostic potential was assessed via 
ROC curve analysis and meta-analysis. A no- 
mogram was applied to evaluate their predic-
tive performance. To further verify the expres-
sion patterns and potential biological functions 
of identified target genes, a THP-1-derived ma- 
crophage infection model was established to 
simulate the immune environment of PTB and 
LTB. Key candidate genes, such as CHN2 and 
MEF2C, were confirmed at both mRNA and pro-
tein levels, and their roles in regulating bacteri-
al burden, inflammatory response, and macro-
phage polarization were experimentally veri- 
fied. This work provides a theoretical frame-
work for the identification and characterization 
of PTB- and LTB-associated biomarkers for 
future clinical application.

Materials and methods

Data collection and preprocessing

The GSE19439, GSE19442 and GSE19444 
datasets were obtained from the Gene Expre- 
ssion Omnibus (GEO; http://www.ncbi.nlm.nih.
gov/geo/). GSE19439 includes whole-blood ge- 
ne expression data from 13 PTB patients, 17 
LTB patients, and 12 healthy controls (plat- 
form GPL6947) (Figure 1A); GSE19442 con-
tains 28 PTB and 31 LTB samples (GPL6947); 
GSE19444 includes 21 PTB, 21 LTB, and 12 
healthy controls (GPL6947) (Figure 1B). The 
SVA R package was employed for quantile nor-
malization and batch effect correction across 
the three datasets, which were then integrated 
into a single expression array [11].

Differential expression and functional enrich-
ment analysis

DEGs were identified between PTB and con- 
trol groups, as well as LTB and control groups, 
using the limma R package [12], with thresh-
olds of FDR < 0.05 and |log2FC| ≥ 1. Functional 
enrichment analysis, including Gene Ontology 
(GO) biological process and Kyoto Encyclope- 
dia of Genes and Genomes (KEGG) pathway 
analysis, were performed using the clusterPro-
filer R package [13] with a significance thresh-
old of P < 0.05. 

Diagnostic gene identification and model 
construction

LASSO logistic regression analysis was per-
formed using the glmnet R package [14] to 
screen for genes associated with PTB and LTB. 
The optimal penalty parameter λ was deter-
mined by 10-fold cross-validation using the 
binomial deviance criterion, and genes with 
non-zero regression coefficients were selected 
to construct diagnostic models. Meta-analysis 
was conducted using the meta R package [15] 
to calculate the standardized mean differen- 
ce (SMD) and 95% confidence interval (CI). 
Heterogeneity across studies was evaluated 
using Cochran’s Q test and the I2 statistic; a 
random-effects model was employed when 
substantial heterogeneity was observed. Genes 
with pooled SMD > 0 were considered risk fac-
tors (higher expression in cases), whereas 
pooled SMD < 0 indicated protective factors 
(lower expression in the case). Receiver operat-
ing characteristic (ROC) curves and the area 
under the curve (AUC) were generated using 
the pROC R package [16]. Nomograms derived 
from logistic regression were constructed to 
determine the contribution of each gene to PTB 
or LTB progression. 

Cell culture and infection model establishment

The human monocyte cell line THP-1 (ATCC  
TIB-202, USA) was cultured in RPMI-1640 
medium (Gibco, USA) supplemented with 10% 
foetal bovine serum (FBS, Gibco, USA) and 1% 
penicillin-streptomycin (Gibco, USA) at 37°C  
in a humidified atmosphere containing 5% CO2. 
To induce differentiation into macrophages, 
THP-1 cells were inoculated at 1 × 10^6 cells/
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Figure 1. Identification of differentially expressed genes in active pulmonary tuberculosis (PTB) and latent pulmonary tuberculosis (LTB). A. Box plot of the expression 
profiles in three datasets before normalization; B. Box plot of the expression profiles in three datasets after normalization; C. Volcano plot of differentially expressed 
genes between PTB and controls; D. Volcano plot of differentially expressed genes between LTB and controls; E. Venn diagram of shared differentially expressed 
genes; F. Heatmap of PTB related differentially expressed genes; G. Heatmap of LTB related differentially expressed genes; H. Heatmap of TB related differentially 
expressed genes.
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well in a 6-well plate and treated with 100 ng/
mL phorbol ester 12-O-tetradecanoylphorbol-
13-acetate (PMA, Sigma-Aldrich, USA) [17] for 
24 hours. Cells were then cultured in PMA-free 
medium for another 12 hours to establish rest-
ing macrophages. The reference Mtb strain 
H37Rv (ATCC, USA) was cultured in Middleb- 
rook 7H9 liquid broth (BD Biosciences, USA) 
containing 10% OADC (BD Biosciences, USA) 
and 0.05% Tween 80 (Sigma-Aldrich, USA) to 
log phase (OD600 = 0.6-0.8). After PBS wash- 
ing, bacteria were resuspended in RPMI-1640 
medium containing 10% FBS, and the bacte- 
rial suspension density was adjusted via plate 
counting. To replicate different infection sce-
narios, THP-1-derived macrophages were chal-
lenged with different multiplicity of infection 
(MOI): (1) PTB model group: MOI = 10 [18]; (2) 
LTB model group (LTB without IFN-γ): MOI = 2 
[19]; (3) LTB+IFN-γ group: To mimic the im- 
mune-regulated latent conditions, a subset of 
cells in the LTB model group was added to the 
culture medium containing 10 ng/mL recom- 
binant human IFN-γ (PeproTech, USA) immedi-
ately after challenge [20]. Uninfected macro-
phages served as the Control group. Cells and 
supernatants were collected 48 hours after 
infection for subsequent analysis. 

Western blot analysis

Cell lysis was carried out on ice with RIPA lysis 
buffer (Beyotime, China) containing protease 
and phosphatase inhibitors (Roche, Switzer- 
land). After centrifugation, the supernatant was 
collected, and protein concentration was de- 
termined using the BCA assay (Thermo Fisher 
Scientific, USA). Equal amounts of protein (30 
μg) were separated by 10% SDS-PAGE (Bio-
Rad, USA) and transferred onto PVDF mem-
branes (Millipore, USA). Subsequently, mem-
branes were blocked with 5% non-fat milk (BD 
Biosciences, USA) and incubated overnight at 
4°C with primary antibodies CHN2 (1:1000, 
Abcam, UK), MEF2C (1:1000, Abcam, UK), and 

GAPDH (1:5000, Cell Signaling Technology, 
USA). After washing with TBST, membranes 
were incubated with HRP-conjugated second-
ary antibodies (Cell Signaling Technology, USA). 
Protein bands were visualized using ECL che- 
miluminescent substrate (Millipore, USA) and 
imaged with a chemiluminescence system 
(Tanon, China). Band intensities were quanti-
fied using ImageJ software (National Institutes 
of Health, USA), with GAPDH serving as an in- 
ternal control.

Real-time fluorescent quantitative PCR (qRT-
PCR)

Total RNA was extracted using TRIzol reagent 
(Invitrogen, USA), RNA integrity and concentra-
tion were assessed. One microgram of RNA 
was reverse-transcribed to cDNA using a re- 
verse transcription kit (Takara, Japan). The 
cDNA was used as the template for PCR am- 
plification using SYBR Green pre-mix (Vazyme, 
China) on a real-time fluorescent quantitative 
PCR system (Applied Biosystems, USA). The 
cycling protocol was as follows: 95°C for 30 
seconds (denaturation); 40 cycles of 95°C for  
5 seconds and 60°C for 30 seconds. GAPDH 
served as the reference gene, and relative gene 
expression was calculated using the 2^(-ΔΔCt) 
method. Primer sequences are listed in Table 1 
(Shanghai Sangon Biotech Co., Ltd.).

Enzyme-linked immunosorbent assay (ELISA)

Culture supernatants were collected 48 hours 
after infection and centrifuged at 4°C to re- 
move debris. Levels of pro-inflammatory fac-
tors TNF-α and IL-6, as well as IL-12, were  
measured using commercial ELISA kit (R&D 
Systems, USA) according to the manufacturer’s 
instructions. Optical density at 450 nm was 
measured using an ELISA spectrophotometer, 
and cytokine concentration was calculated 
from standard curves.

Table 1. Primer sequences (5’-3’)
Gene Forward primer Reverse primer
CHN2 ATGCATTCGGGAAATTGAAG GGGCTCCAGTGATGATGTTT
MEF2C CTGTGTTCTTTTGCCAGCAC TGGCTTTGAAGAGAAACCCC
HspX GGTGAATCCCTTGAACCAGTC AGCACGCTGATGAAGACGC
iNOS CTGCAGCACTTGGATCAGGAACCTG GGAGTAGCCTGTGTGTGCACCTGGAA
GAPDH GTCTCCTCTGACTTCAACAGCG ACCACCCTGTTGCTGTAGCCAA
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Immunofluorescence staining for infection 
model validation

At 48 h post-infection, cells were fixed with 4% 
paraformaldehyde (Sigma-Aldrich, USA), per-
meabilized with 0.1% Triton X-100 (Sigma-Al- 
drich, USA), and blocked with 5% BSA (Sigma-
Aldrich, USA). Sequential antibody labelling  
was performed: first, mouse anti-human CD68 
primary antibody (Abcam, UK) and Alexa Fluor 
488-conjugated secondary antibody (Invitro- 
gen, USA) were used to identify macrophages; 
then, rabbit anti-Mtb primary antibody (Abcam, 
ab905, UK) and Alexa Fluor 555-tagged sec-
ondary antibody (Invitrogen, USA) were applied 
to detect Mtb; finally, DAPI (Sigma-Aldrich, USA) 
was used for nuclear counter-staining. Cells 
were washed thoroughly with PBS, and images 
were acquired and processed using a laser-
scanning confocal microscope (Zeiss, Ger- 
many).

Cell viability and apoptosis assay

Cell survival was assessed using the CCK-8 
assay (Dojindo, Japan). After infection for 48 
hours, CCK-8 solution was added to each well, 
and plates were incubated at 37°C for 2 hours. 
Optical density was measured at 450 nm using 
a microplate reader (Bio-Rad, USA). The absor-
bance of the mock-infected control group was 
set as 100% cell viability, and relative cell via-
bility was calculated for each experimental 
group. 

Apoptosis was determined by flow cytometry 
using the Annexin V-FITC/PI double-staining 
method (BD Biosciences, USA). Cells were har-
vested, washed with cold PBS, and incubated 
with Annexin V-FITC and PI-labeled reagents 
according to the manufacturer’s protocol in the 
dark. Samples were analyzed within one hour 
on a flow cytometer (BD Biosciences, USA),  
and the total apoptosis rate was calculated.

Detection of M1-polarisation markers

Macrophages M1 polarization was assessed  
by CD86 expression using flow cytometry. 
Treated cells were collected, washed, and incu-
bated with PE-conjugated mouse anti-human 
CD86 antibody (BioLegend, USA) at 4°C in the 
dark for 30 minutes. Subsequently, the propor-
tion of CD86-positive cells was determined 
using a flow cytometer (BD Biosciences, USA), 

with viable cells gated based on FSC/SSC 
parameters.

Statistical analysis

All experiments were independently repeated 
at least three times. Data are presented as 
mean ± standard deviation (SD). GraphPad 
Prism 10.1.2 was used for statistical analys- 
es. Group differences were evaluated using 
one-way ANOVA. When global differences were 
significant, pair-wise comparisons were con-
ducted using Tukey’s test. A p-value < 0.05  
was considered statistically significant.

Results

Identification of DEGs in PTB and LTB

A total of 4,291 DEGs were identified between 
PTB and the control group (Figure 1C), while 
559 DEGs were identified between LTB and the 
control group (Figure 1D). Comparative analy-
sis identified 4,044 PTB-specific DEGs, 312 
LTB- specific DEGs, and 247 DEGs shared by 
PTB and LTB (Figure 1E). PTB-specific genes 
exhibited significant differences between the 
PTB and control groups, but not between the 
LTB and control groups (Figure 1F), and were 
therefore considered PTB-related genes. LTB-
specific genes showed significant differences 
between the PTB and control groups, but not 
between the PTB and LTB groups (Figure 1G), 
thus identified as LTB-related genes. Shared 
DEGs showed significant differences across 
PTB, LTB, and controls, suggesting a general 
association with TB pathophysiology (Figure 
1H).

Functional analysis of PTB- and LTB-related 
genes

To explore the molecular mechanism underly-
ing PTB and LTB, functional enrichment analy-
ses were performed separately for PTB- and 
LTB-related genes. GO analysis showed that 
the PTB-related genes mainly involved in viral 
gene expression, protein targeting to the en- 
doplasmic reticulum (ER) and viral transcrip- 
tion (Figure 2A); while KEGG pathway analysis 
revealed significant enrichment in ribosomal 
pathways, NF-kappa B signaling, and NOD-like 
receptor signaling (Figure 2B). In contrast, LTB-
related genes were enriched in processes re- 
lated to cellular defense responses, superoxide 
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anion production, and negative regulation of 
leukocyte cell-cell adhesion (Figure 2C); and 
KEGG pathway enrichment analysis heighted 
phagosome formation, natural killer cell-medi-
ated cytotoxicity, and ubiquitin-mediated pro- 
teolysis (Figure 2D). 

For shared TB-related DEGs, GO terms included 
positive regulation of epithelial-mesenchymal 
transition (EMT), regulation of vesicle-mediated 
transport, and SREBP signaling (Figure 2E); 
while KEGG pathways such as folate biosyn- 
thesis and endocytosis were significantly en- 
riched (Figure 2F).

Construction of diagnostic models and screen-
ing of potential biomarker genes

To identify specific biomarker genes for PTB 
and LTB, LASSO regression analysis was per-
formed on PTB- and LTB-related genes. Using 
10-fold cross-validation and the 1-standard 
error rule, the optimal λ values were determin- 
ed, with log(λ) ≈ -3 for PTB and log(λ) ≈ -4 for 
LTB, resulting in the construction of an 18-gene 
prediction model for PTB (Figure 3A, 3B) and a 
39-gene prediction model for LTB (Figure 3C, 
3D). Genes were further filtered based on their 
diagnostic performance, and AUC values were 
calculated. Genes with AUC > 0.75 were se- 
lected as feasible candidate biomarkers, yield-
ing 13 PTB-associated and 12 LTB-associated 
candidate genes (Figure 3E, 3F). 

Meta-analysis using a random-effects model 
revealed substantial heterogeneity among in- 
cluded studies (PTB-related genes: I2 = 96%, P 
< 0.01; LTB-related genes: I2 = 94%, P < 0.01). 
Pooled results indicated that CHN2, EPB41L3, 
GBP4, ITGB1BP2, KIAA1919, LOC728744, NO- 
TCH2, SCAND2, SMG7, TBC1D2B, and ZMYN- 
D12 were risk factors for PTB, with a pooled 
SMD of 0.77 (95% CI: 0.02-1.51) (Figure 3G). In 
addition, DEFB128, FBXO32, INPP5E, MEF2C, 
and TNIP3 were identified as potential predic-
tors associated with LTB risk, with a pooled 
SMD of -0.18 (95% CI: -0.77-0.42) (Figure 3H). 
To further evaluate the prognostic value of 
these candidate genes, diagnostic nomograms 

based on logistic regression analysis were con-
structed. Among PTB candidates, CHN2 con-
tributed most significantly to diagnosis (Figure 
3I), while LOC653809 and MEF2C appeared to 
have greater impact on LTB prediction (Figure 
3J).

Differentiation of THP-1 cells into macrophage-
like phenotype

THP-1 monocytes were treated with PMA for  
24 hours, followed by 12 h of recovery in stan-
dard medium. PMA-treated cells exhibited en- 
hanced adherence, stellate or polygonal mor-
phology, and pseudopodia formation, whereas 
control cells remained spherical and suspend-
ed (Figure 4A). These morphological changes 
were confirmed by Western blot and immuno-
fluorescence analysis of the pan-macrophage 
(M0-like) marker CD68. A significant increase 
in CD68 expression in PMA-activated cells vali-
dated successful differentiation of THP-1 mo- 
nocytes into an M0-like macrophage pheno-
type (Figure 4B, 4C).

Establishment and validation of PTB and LTB 
cell infection models

Immunofluorescence characterization of bac-
terial load: Immunofluorescence staining of 
Mtb and macrophages demonstrated distinct 
infection characteristics among different ex- 
periment groups (Figure 5A, 5B). In the PTB 
model, intensive red bacterial fluorescence 
was widely distributed and co-localized with the 
green-stained macrophage cytoplasm. In con-
trast, the LTB model exhibited a marked reduc-
tion in bacterial fluorescence. Specifically, LTB 
(without IFN-γ) showed fragmented, dim bacte-
rial signals, while the LTB+IFN-γ group dis- 
played the most diluted and sparsest bacterial 
fluorescence, suggesting an immune-regulated 
reduction in bacterial load.

Quantitative assessment of bacterial load and 
dormancy markers: Colony-forming unit (CFU) 
enumeration showed that microbial burden 
(log10 CFU) was highest in the PTB model group, 
significantly higher than that of LTB-associated 
control groups. The bacterial count in the LTB 

Figure 2. Function annotation and signal pathway enrichment analysis of PTB- and LTB- related genes. A. Top 10 en-
riched Biological Process (BP) terms for PTB-related genes; B. KEGG pathways enriched among PTB-related genes; 
C. Top 10 enriched BP terms for LTB-related genes; D. KEGG pathways enriched among LTB-related genes; E. Top 10 
enriched BP terms for TB-related genes; F. KEGG pathways enriched among shared TB-related genes.



CHN2 and MEF2C in active and latent tuberculosis

4224	 Am J Transl Res 2026;18(5):4217-4233



CHN2 and MEF2C in active and latent tuberculosis

4225	 Am J Transl Res 2026;18(5):4217-4233

Figure 3. Screening and evaluation of candidate diagnostic genes. A. Selection of the optimal parameter (λ) in 
the LASSO model for PTB; B. LASSO coefficient profiles of 18-gene signature in PTB; C. Selection of the optimal 
parameter (λ) in the LASSO model for LTB; D. LASSO coefficient profiles of the 39-gene signature in LTB; E. Receiver 
operating characteristic (ROC) curves for candidate genes for PTB; F. ROC curves of candidate genes for LTB; G. For-
est plots of meta-analysis showing risk scores of candidate genes for PTB; H. Forest plots of meta-analysis showing 
risk scores of candidate genes for LTB; I. Nomogram for predicting PTB occurrence; J. Nomogram for predicting LTB 
occurrence.

Figure 4. THP-1 cell differentiation into M0 macrophage. A. THP-1 cell morphology observed by phase-contrast mi-
croscopy (scale bar = 200 μm, magnification: ×200); B. Western blot analysis of the M0 macrophage marker CD68 
in cell lysates; C. Immunofluorescence staining of CD68 (green) in differentiated cells. Nuclei were counterstained 
with DAPI (blue), (scale bar = 50 μm; magnification: ×400). ***P < 0.001.

group (without IFN-γ) was significantly higher 
than that in the LTB+IFN-γ group, which sh- 
owed the lowest bacterial abundance (Figure 
5C). Additionally, qRT-PCR analysis showed 
that the Mtb dormancy-related gene HspX was 
expressed at lower levels in PTB group, but sig-
nificantly upregulated in the LTB+IFN-γ group, 
indicating a transition to a latent bacterial qui-
escence (Figure 5D).

Reduced host cell viability following Mtb infec-
tion: To evaluate the degree of bacterial coloni-
zation in cells, CCK-8 assay was used to quan-
tify macrophage survival following bacterial 
exposure. The PTB model group showed a sig-
nificant decline in cell viability compared with 
uninfected controls. All LTB model groups 
exhibited decreased viability, though less pro-
nounced than PTB (Figure 5E). These results 
confirm that Mtb infection imposes stress on 
host macrophages and validate the functional 
establishment of the infection models at the 
cellular level.

Inflammatory cytokine secretion profiles dis- 
tinguish the immune microenvironments of 

PTB and LTB: ELISA was used to determine the 
concentration of pro-inflammatory mediators 
TNF-α and IL-6 in cell supernatant, demonstrat-
ing that the PTB group released higher levels of 
TNF-α and IL-6. Although the LTB+IFN-γ group 
mounted a detectable immune response, the 
levels of these pro-inflammatory factors were 
significantly lower than in the PTB group. Me- 
anwhile, the expression of immunomodulatory 
cytokine IL-12 also exhibited distinctive expres-
sion patterns across the groups (Figure 5F). 
Overall, the above results demonstrate that  
the PTB model is characterized by high bacte-
rial burden and strong inflammatory respons- 
es, whereas the LTB+IFN-γ model successfully 
reproduces a low-bacterial, immunologically re- 
gulated latent infection state.

Expression and function of core genes CHN2 
and MEF2C in infection models

CHN2 exhibited specific overexpression in PTB 
models and promoted bacterial persistence: 
Bioinformatics analysis identified CHN2 as a 
key PTB-associated gene, which was subse-
quently validated experimentally. qRT-PCR and 
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Figure 5. Characterization of in vitro PTB and LTB infection models. A. Immunofluorescence images showing mycobacterial load (red) within macrophages (green) 
under different infection conditions (scale bar = 50 μm; magnification: ×400); B. Relative mean fluorescence intensity (MFI) of mycobacteria in macrophages; C. 
Quantitative bacterial load (log10 CFU) in different groups; D. Relative mRNA expression of the bacterial dormancy marker HspX; E. Cell viability measured by CCK-8 
assay; F. Concentrations of secreted cytokines (TNF-α, IL-6, IL-12) in culture supernatant; G. Relative mRNA expression levels of CHN2 and MEF2C; H. Western blot 
analysis of CHN2 and MEF2C protein expression. *P < 0.05, ***P < 0.001.
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sion and functional roles of the candidate 
genes, thereby reinforcing the bioinformatics 
findings.

Our combined computational and experimen- 
tal analyses consistently identified CHN2 as  
a key predictive indicator of PTB, with high 
expression observed under conditions of sub-
stantial bacterial burden. Functional assays 
demonstrated that CHN2 knockdown decre- 
ased mycobacterial load, reduced the produc-
tion of pro-inflammatory cytokines TNF-α and 
IL-6, and preserved macrophage viability. These 
findings suggest that CHN2 may promote PTB 
progression by dysregulating immune respons-
es, which may simultaneously exacerbate in- 
flammatory tissue damage and impair host im- 
mune defenses, ultimately facilitating patho-
gen survival and dissemination. Although the 
specific role of CHN2 in mycobacterial infection 
has not been reported yet, its participation in 
host immune responses is supported by stud-
ies in other infectious contexts, such as SARS-
CoV-2 [21]. CHN2, a RhoGAP family protein, is 
known to regulate cytoskeletal organization 
and signal transduction pathways [22, 23], 
thereby modulating macrophage functions rel-
evant to TB. Outside infectious disease, CHN2 
has been implicated in nicotine addiction [24, 
25] and schizophrenia [26, 27], conditions that 
frequently co-occur. Given that smoking ad- 
versely affects TB treatment outcomes, CHN2 
may serve as a new molecular link connecting 
behavioral risk factors to PTB progression. In 
short, this study demonstrates that CHN2 is 
directly associated with PTB and may serve not 
only as a diagnostic biomarker but also as a 
potential therapeutic target at the intersec- 
tion of hyperinflammation and immune dysre- 
gulation. 

For LTB, MEF2C and LOC653809 were identi-
fied as the primary diagnostic markers. The role 
of MEF2C was experimentally verified, showing 
notably increased expression in the LTB+IFN-γ 
model that mimics immune-regulated latent 
infection. Silencing MEF2C disrupted the regu-
lated state, leading to increased bacterial load, 
reduced level of the dormancy marker HspX, a 
transition toward a pro-inflammatory cytokine 
pattern, and impaired M1 macrophage polar-
ization. These results suggest that MEF2C can 
promote M1 macrophage polarization and Th1 
responses, enhancing antibacterial defense 

Western blot analyses showed that the mRNA 
and protein levels of CHN2 were significantly 
elevated in the PTB model compared with con-
trol and LTB groups (Figure 5G, 5H). Functional 
knockdown of CHN2 in the PTB model (Figure 
6A, 6B) showed a marked reduction in bacteri-
al load and significant decreases in the pro- 
duction of pro-inflammatory cytokines TNF-α 
and IL-6 (Figure 6C, 6D). In addition, cell viabil-
ity was improved, and apoptosis rates were 
decreased (Figure 6E, 6F). These findings sug-
gest that CHN2 may contribute to the persis-
tent infection and dissemination of Mtb in PTB 
through modulating inflammatory responses or 
immune suppression pathways.

MEF2C maintains immune homeostasis in the 
LTB model: The LTB-related gene MEF2C, iden-
tified by bioinformatics, was also verified. Un- 
der LTB+IFN-γ condition, MEF2C mRNA expres-
sion was significantly higher than that in the 
PTB and control groups (Figure 5F, 5G). Silen- 
cing MEF2C in the macrophages of LTB+IFN-γ 
group (Figure 7A, 7B) led to a significant in- 
crease in bacterial load and decrease in HspX 
expression (Figure 7C, 7E). In addition, the im- 
munological environment was disrupted: Pro-
inflammatory cytokines TNF-α and IL-6 were 
overproduced, while IL-12 secretion decreased 
(Figure 7D). Cellular characteristics included 
reduced viability and increased apoptosis (Fi- 
gure 7F, 7G), along with downregulation of 
M1-polarization markers, including iNOS and 
the proportion of CD86-positive cells (Figure 
7H-J). Collectively, MEF2C is essential for main-
taining the immune-regulated latent state in 
LTB. It promotes macrophage bactericidal ac- 
tivity while preventing excessive pro-inflamma-
tory polarization, thereby promoting bacterial 
dormancy and immune homeostasis.

Discussion

By integrating three gene expression profiles 
(GSE19439, GSE19442 and GSE19444), a 
total of 4,850 TB-related DEGs were identified, 
including 4,044 in PTB and 312 in LTB. Through 
LASSO regression and predictive modelling, 
these DEGs were narrowed down to 13 candi-
date markers for PTB and 12 for LTB. In addi-
tion to computational prediction, an in vitro Mtb 
infection system of Mtb was constructed using 
THP-1 cell-derived macrophages. Experimental 
verification confirmed both the altered expres-
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Figure 6. Functional validation of CHN2 in the PTB model. A. Validation of CHN2 knockdown efficiency at the mRNA level; B. Validation of CHN2 knockdown efficiency 
at the protein level; C. Secretion levels of TNF-α and IL-6; D. Bacterial load after CHN2 knockdown; E. Cell viability assessed by CCK-8 assay; F. Apoptosis rate of 
macrophages measured by flow cytometry. **P < 0.01, ***P < 0.001.
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Figure 7. Functional validation of MEF2C in the LTB model. A. Validation of MEF2C knockdown efficiency at the mRNA level; B. Validation of MEF2C knockdown 
efficiency at the protein level; C. Bacterial load after MEF2C knockdown; D. Secretion levels of TNF-α, IL-6, and IL-12; E. Relative mRNA expression of the bacterial 
dormancy marker HspX; F. Cell viability assessed by CCK-8 assay; G. Apoptosis rate of macrophages measured by flow cytometry; H. mRNA expression of the M1 
macrophage marker iNOS; I. Protein expression of the M1 macrophage marker iNOS; J. Flow cytometry analysis showing the percentage of CD86-positive cells. *P 
< 0.05, ***P < 0.001.
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[28]. Therefore, MEF2C is essential for main-
taining the latent, immune-regulated state in 
TB. Although MEF2C has been previously impli-
cated in development and neurological disor-
ders [29-36], as well as in pulmonary fibrosis 
[37], its specific role in maintaining Mtb dor-
mancy is a novel finding in this study. In con-
trast, LOC653809 currently lacks functional 
annotation in public databases and is pre- 
dicted to be a non-coding RNA or a gene of 
unknown function. Despite its potential utility 
as a biomarker, its molecular role remains 
unclear. However, the growing recognition of 
non-coding RNAs as diagnostic markers in TB 
supports its consideration in this context [38]. 
Due to the lack of mechanistic understanding, 
LOC653809 cannot yet be leveraged in func-
tional studies as effectively as MEF2C. 

Pathway enrichment analysis offered addition- 
al mechanistic insights. PTB-associated genes 
were substantially enriched in NOD-like recep-
tor and NF-κB signaling pathways, consistent 
with the activation of inflammatory responses 
and innate immune defenses [39-44]. This is 
consistent with the pronounced inflammatory 
phenotype observed in our PTB model and pre-
vious studies [45-47]. Conversely, LTB-specific 
genes were enriched in pathways related to NK 
cell-dependent cytotoxicity. NK cells are indis-
pensable early immune mediators that regulate 
pathogen control through mechanisms such  
as IFN-γ production [48], and different NK sub-
populations have also been proposed as po- 
tential TB biomarkers [49, 50]. This enrichment 
reflects the role of innate immune surveillance 
in maintaining dormancy, as reflected in our 
LTB+IFN-γ model. 

There are still several limitations in our study. 
First, the primary basis for identifying candi-
date biomarkers relied on publicly available 
genetic datasets. Although these datasets 
were integrated and rigorously analyzed, their 
clinical applicability still requires validation th- 
rough prospective patient studies. Second, al- 
though our cellular model can simulate cer- 
tain aspects of PTB and LTB, it cannot fully 
recapitulate the complex in vivo environment in 
humans. Finally, the diagnostic and predictive 
utility of candidate genes such as CHN2 and 
MEF2C require verification in larger patient 
cohorts.

Conclusion

This study identifies CHN2 as a key diagnostic 
marker for PTB and MEF2C for LTB through 
integrated bioinformatics analysis and experi-
mental verification. Functional data analysis 
indicate that CHN2 participates in the PTB-
associated inflammatory responses, whereas 
MEF2C regulates immune defense in a time-
dependent manner during LTB progression. 
These genes may serve as potential biomark-
ers to distinguish between the two clinical  
stages of TB at the cellular level.
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