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Novel Metabolomic Biomarkers for Latent 
Tuberculosis Infection: A Plasma-based 
Untargeted Metabolomics Approach Using 
Mass Spectrometry

Graphical abstract

Highlights

•	 Plasma metabolic profiles differed between the LTBI and non-LTBI 
individuals.

•	 Four metabolites were identified as associated with LTBI status.
•	 Combined models showed high apparent performance under internal 

validation.
•	 Findings are limited by population differences and lack of external validation.
•	 Further validation using targeted metabolomics is required.
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Brief statement

This exploratory study identified 
plasma metabolic differences associ-
ated with latent tuberculosis infection 
but the findings remain preliminary 
and require further validation.
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Background

Latent tuberculosis infection (LTBI) refers 
to a persistent immune response triggered 
by Mycobacterium tuberculosis (MTB) 
antigens without any evident signs of 
active tuberculosis (TB) [1]. It is estimated 
that approximately 25% of the global pop-
ulation is latently infected with MTB with 
China bearing the highest burden of LTBIs 
[2]. The End TB Strategy, first launched in 
2014 by the World Health Organization, 
includes the preventive treatment of an 
LTBI as a key element [3]. The new End 
TB Strategy, first launched in 2014 by the 

World Health Organization, identifies pre-
ventive treatment of an LTBI as a key com-
ponent of TB control [3]. Hence, accurate 
diagnosis and prompt treatment of an LTBI 
have a crucial role in lessening the burden 
of TB.

Establishing the diagnosis of an LTBI 
is constrained by a low bacteria load that 
makes it impossible to directly detect 
MTB. So, there is no universally accepted 
gold standard for diagnosing an LTBI. The 
prevalent clinical diagnostic methods for 
an LTBI primarily involve immunologic 
tests, such as the tuberculin skin test and 
γ-interferon release assay [4]. These tests 
indirectly pinpoint MTB infection by 
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Abstract

Objective: Latent tuberculosis infection (LTBI) is difficult to diagnose due to the lack of a definitive gold 
standard. This study aimed to explore plasma metabolic alterations associated with LTBIs using an untar-
geted metabolomics approach.
Design: In this discovery-phase study, LTBI individuals (QuantiFERON-TB Gold-positive) were recruited 
from close contacts of tuberculosis patients, while non-LTBI individuals (QuantiFERON-TB Gold-negative) 
were recruited from prison detainees. Plasma samples were analyzed using ultra-high-performance liquid 
chromatography coupled with quadrupole time-of-flight tandem mass spectrometry. Multivariate statisti-
cal analysis combined with univariate screening was used to identify differential metabolites, followed by 
receiver operating characteristic analysis.
Results: A total of 43 metabolites showed significant differences between the LTBI (n = 100) and non-LTBI 
groups (n = 99). Among the 43 metabolites, leucylleucine, tryptophyl-phenylalanine, lysoPE(18:1(11Z)/0:0), 
and biliverdin displayed relatively high discriminatory ability in this discovery cohort with area under the 
curve values ranging from 0.975–0.981. Models combining selected metabolites achieved higher apparent 
classification performance under internal validation, with some area under the curve values approaching 
1.00. However, because feature selection and model evaluation were performed within the same cohort and 
no external validation was performed, these results may overestimate true diagnostic performance.
Conclusions: This study provides exploratory evidence of plasma metabolic differences between LTBI and 
non-LTBI individuals and identifies four metabolites of potential interest. However, the two groups were 
drawn from different source populations, which may introduce selection bias and unmeasured confounding. 
In addition, all metabolites were identified at Metabolomics Standards Initiative level 2 without confirmation 
using authentic standards and no targeted validation was performed. Therefore, these findings should be 
interpreted as preliminary and hypothesis-generating. Independent validation in well-matched cohorts with 
targeted metabolomic approaches is required before any clinical interpretation.
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detecting the immune response to MTB antigens. However, 
a weak humoral response makes serologic testing unreliable 
[5]. Moreover, an LTBI often lacks overt clinical symptoms 
or changes in chest imaging, complicating differentiation 
from non-LTBIs and further hindering the diagnosis [6]. 
Consequently, there is a pressing need for effective biomark-
ers to distinguish between LTBIs and non-LTBIs. Identifying 
individuals with LTBIs through the discovery of highly spe-
cific diagnostic markers holds significance in curbing the TB 
epidemic.

Metabolomics, an emerging field following genomics 
and proteomics, involves quantifying metabolites within an 
organism and investigating the interaction with physiopatho-
logic changes [7]. The primary analytical platforms used are 
nuclear magnetic resonance and mass spectrometry (MS) 
[8]. Liquid chromatography-mass spectrometry serves as the 
primary tool in metabolomics. Leveraging this technology 
for metabolomics analysis can heighten sensitivity, which 
facilitates the identification of MTB infection-related meta-
bolic pathways and metabolites, providing a foundation for 
understanding disease onset and progression. With advanc-
ing technology, substantial progress in metabolomics studies 
on TB has been made in diagnosis and the understanding 
of the pathogen-host interaction, as well as the mechanism 
underlying MTB drug resistance [9].

Currently, most metabolomics research is focused on the 
differential diagnosis of active TB and few studies have 
focused on distinguishing between LTBIs and non-LTBIs. 
In this study untargeted metabolomics analysis of plasma 
from non-LTBIs and LTBIs was performed using ultra-high 
performance liquid chromatography-quadrupole time-of-
flight mass spectrometry (UHPLC-QTOF-MS/MS). The 
plasma for differentially expressed metabolites was screened 
to assess the performance of the differentially expressed 
metabolites as potential biomarkers for diagnosis in LTBIs.

Methods

Study population

QuantiFERON-TB Gold (QFT) screening was performed 
on healthy detainees who were newly admitted to a prison 
in Nanjing in August, September, and October 2023. QFT-
negative individuals were selected as the non-LTBI group. 
QFT-positive individuals were selected from close contacts 
of newly diagnosed active pulmonary TB patients registered 
in three cities (Kunshan, Danyang, and Wuxi) of Jiangsu 
Province from 1 July 2022 to 30 November 2023 and who 
were currently residing in the same city (district). These 
individuals were included in the LTBI group as study sub-
jects. All participants participated in the study voluntarily 
and signed an informed consent form. The inclusion crite-
ria included a negative γ-interferon release test, no abnor-
mality in chest imaging, and no clinical symptoms of active 
TB. The exclusion criteria were as follows: individuals who 
were HIV-, hepatitis B virus-, or hepatitis C virus-posi-
tive; diagnosed with diabetes, a malignant tumor, or severe 

autoimmune disease; diagnosed with TB in the past; individ-
uals taking immunosuppressants or immune enhancers; and 
pregnant or lactating women.

Definitions

Individuals with positive QFT results are defined as LTBI-
positive [10], while individuals with negative QFT results 
are defined as non-LTBI.

Close family contacts were defined as follows: during 
the infectious period of the designated case (from 3 months 
before the diagnosis of pathogen-positive patients to 2 weeks 
of effective treatment, and 1 month before the diagnosis of 
other TB patients); individuals who have been in the same 
space as the patient and have been in continuous contact for 
≥8 h; or individuals who have had cumulative contact with 
the patient for >40 h.

Chemicals and reagents

Carnitine C16:0-d
3
 was purchased from Shanghai Sigma-

Aldrich Co., Ltd. (Shanghai, China). Tryptophan-d
5
 was 

purchased from Shanghai ANPEL TRACE Standard 
Technical Service Co., Ltd. (Shanghai, China). Cholic 
acid-d

4
 was purchased from TRC (Toronto, ON, Canada). 

High-performance liquid chromatography grade acetonitrile 
(ACN) was purchased from Merck (Darmstadt, Germany). 
Formic acid and deionized water were produced by Fisher 
Chemical Corporation (Pittsburgh, PA, USA).

Plasma metabolite extraction

Plasma samples were thawed at room temperature. A 50-μL 
plasma portion was added to 200 μL of acetonitrile contain-
ing internal standards (carnitine C16:0-d

3
 and tryptophan-d

5
, 

1 μg/mL; cholic acid-d
4
, 1.25 μg/mL). The mixture was 

vortex-mixed for 2 min, extracted for 10 min by ultrasound, 
and centrifuged at 12,470 × g for 10 min at 4 °C. Then, the 
transferred supernatant (200 μL) was evaporated to dryness 
under nitrogen gas. The residue was reconstituted in 80 μL 
of 80% ACN and centrifuged (12,470 × g for 10 min at  
4 °C). The supernatant was transferred to auto-sampler vials 
for further UHPLC-QTOF-MS/MS analysis.

UHPLC-QTOF-MS/MS analysis

Chromatographic separation was performed on an 
ExionLC™ UHPLC system (AB SCIEX Technologies, city, 
state, USA) with an ACQUITY UPLC™ HSST3 column 
(100 mm × 2.1 mm, 1.7 μm; Waters, Milford, city, state, 
USA) at 30 °C. The mobile phase was composed of 0.1% 
formic acid water (A) and ACN (B) at a flow rate of 0.3 mL/
min. The gradient conditions were as follows for plasma 
analysis, followed by 2.5 min of re-equilibration: 0–5 min, 
3% B → 8% B; 5–11 min, 8% B → 30% B; 11–20 min, 30% 
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B → 80% B; 20–21 min, 80% B → 95% B; and 21–25 min, 
95% B. The injection volume was set at 2 μL.

MS analysis was performed on an ABSciex TripleTOF™ 
X500R system (AB SCIEX Technologies) equipped with an 
electrospray ionization source in the positive mode. The MS 
parameters of plasma samples were as follows: electrospray 
ionization temperature, 550 °C; ion source gas 1&2 pressure, 
55 psi; curtain gas, 35 psi; and ion spray voltage, 5500 V. 
The TOF MS scan range was 100–1200 with a decluster-
ing potential of 60 V and collision energy of 5 V. For MS/
MS analysis, the scan range was 50–1200 with a decluster-
ing potential of 60 V, collision energy of 35 V, and collision 
energy spread of 15 V.

MD analysis was performed in the positive ion mode only 
based on preliminary experiments showing limited spectral 
information and detectable differentially abundant features 
in the negative ion mode, while the positive ion mode pro-
vided sufficient coverage for the purposes of this discov-
ery-phase study.

Data processing

LC-MS raw data were analyzed by MarkerView (AB SCIEX 
Technologies). After data pretreatment procedures, including 
peak finding, alignment, filtering, and normalization to total 
area, a three-dimensional dataset was generated comprising 
sample information, peak intensities, retention time, and 
the mass-to-charge ratio (m/z). Retention time and the m/z 
values were utilized as identifiers for each ion. Moreover, 
peaks with missing values (ion intensity = 0) in <10 sam-
ples were removed to obtain consistent variables. Then, the 
resultant data matrices were imported into the SIMCA-P+ 
14.1 software (Umetrics, Umea, Sweden) for multivariate 
statistical analysis. The analysis methods containing partial 
least-squares discriminant analysis and orthogonal partial 
least-squares discriminant analysis (OPLS-DA) were used 
for metabolite profile analysis.

OPLS-DA, a supervised multivariate statistical model, was 
performed to visualize the metabolic difference between the 
model and control groups. Metabolites meeting the criteria of 
variable importance in a projection >1 and a P-value <0.05 
and fold-change (FC) ≥2 or ≤0.5 were considered differen-
tial metabolites. The potential biomarkers were identified 
by SCIEX OS (AB SCIEX Technologies) in combination 
with the HMDB database (http://www.hmdb.ca) [11]. Then, 
receiver operating characteristic curves were applied to ana-
lyze data for evaluating the predictive power of the identified 
biomarkers. Pathway analysis relied on data from the KEGG 
database (http://www.genome.jp/kegg) [12], MetaboAnalyst 
6.0 (http://www.MetaboAnalyst.ca/) [13], the METLIN data-
base (https://metlin.scripps.edu/), and the HMDB database.

Quality control

Isotope-labeled internal standards (carnitine C16:0-d
3
, tryp-

tophan-d
5
, and cholic acid-d

4
) were added to the extraction 

solvent prior to sample preparation and used throughout the 
analytical workflow for retention time alignment and signal 

normalization. Instrumental drift was monitored based on 
the consistency of internal standard signals across the ana-
lytical sequence. All internal standards exhibited a relative 
standard deviation <15%, indicating relatively stable instru-
ment performance during the run.

However, no pooled quality control samples were included 
in this study. Pooled QC samples are essential for untargeted 
metabolomics to assess batch-to-batch variation, monitor 
feature stability, and correct for intensity drift over time. 
Without pooled QC the reproducibility of low-abundance 
features or distinguish technical variation from biological 
differences cannot be rigorously evaluated. Therefore, the 
assessment of batch drift was limited to the three inter-
nal standards, which may not represent the behavior of all 
detected metabolites. The robustness claims based solely on 
internal standards should be interpreted with caution. All 
samples were processed using a unified protocol and ana-
lyzed under consistent LC-MS conditions and internal stand-
ard normalization was applied prior to statistical analysis to 
minimize technical variation.

Statistical analysis

Random forest models were constructed using the random-
Forest package in R software (version 4.2.1; R Foundation for 
Statistical Computing, Vienna, Austria) to evaluate the diag-
nostic performance of the identified metabolites individually 
and in combination. The models included four key metab-
olites [leucylleucine, tryptophyl-phenylalanine, biliverdin, 
and lysoPE(18:1(11Z)/0:0)] as predictors with the number of 
trees set to 500. The predicted probabilities for LTBI clas-
sification generated by the random forest models were used 
to construct receiver operating characteristic curves using the 
pROC package (https://cran.r-project.org/package=pROC). 
The area under the curve (AUC) was calculated for individ-
ual metabolites and the combined model. The optimal cut-off 
value for the combined model was determined by maximiz-
ing the Youden index. Model performance was assessed using 
sensitivity, specificity, and AUC with 95% confidence inter-
vals (CIs) estimated by 1000 bootstrap resamples.

Five-fold cross-validation was repeated 5 times using 
the caret package (https://cran.r-project.org/package=caret) 
to prevent overfitting and ensure model stability. The mtry 
parameter was optimized via grid search within the cross-val-
idation procedure. The 95% CIs for AUC values were esti-
mated using 1000 bootstrap resamples.

Multivariable linear regression analyses were performed 
for the four key metabolites with age (continuous), gender 
(categorical [male or female]), and smoking status (cate-
gorical [never, former, or current]) included as covariates 
to control for potential confounding effects of age, gender, 
and smoking on metabolic profiles. The false discovery rate 
(FDR) method was applied to correct for multiple testing.

Baseline characteristics were compared between the LTBI 
and non-LTBI groups using the Mann-Whitney U test for 
continuous variables (age and body mass index) and the 
Pearson χ2 test or Fisher’s exact test for categorical variables 
(smoking status, alcohol consumption, education level, resi-
dence, Bacillus Calmette-Guérin vaccination, and diabetes). 
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The results are presented as a median (interquartile range) 
for continuous variables and frequencies (percentages) for 
categorical variables.

All statistical analyses were performed using R software 
and SIMCA-P+ 14.1 (Umetrics) for multivariate analysis.

Results

Characteristics of the participants

A total of 199 participants were included in the analysis (99 
individuals without an LTBI and 100 individuals with an 
LTBI; Figure 1). The median age of non-LTBI participants 
was 42.0 years (interquartile range, 35.0–51.5 years) and 
the median age of LTBI participants was 56.0 years (inter-
quartile range, 37.5–67.0 years). The baseline demographic 

and clinical characteristics of the study participants are 
summarized in Table 1. The LTBI group was significantly 
older compared to the non-LTBI group (median age, 56.0 
vs. 42.0 years; P = 0.001). Notably, smoking status differed 
significantly between groups (P = 0.002) with a higher 
proportion of current smokers in the LTBI group (17.7% 
vs. 4.1%) and a higher proportion of former smokers in 
the non-LTBI group (13.3% vs. 3.1%). Bacillus Calmette-
Guérin vaccination status was comparable between groups 
with approximately two-thirds of participants in each group 
vaccinated.

Comparative analysis of metabolic 
profiles
The metabolomes of 199 plasma samples from the 2 groups 
underwent characterization and comparison, resulting in a 
total of 5011 molecular signatures identified in the positive 

Figure 1  Flow chart of baseline population in this study.
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ion mode, which were then subjected to statistical analysis 
using MetaboAnalyst 6.0. The principal component analysis 
model, as an unsupervised multivariate statistical method, 
did not show clear differentiation between the LTBI and 
non-LTBI groups (Supplementary Figure S1). In contrast, 
the orthogonal partial least squares discriminant analysis 
model successfully exhibited distinct separation between the 
LTBI and non-LTBI groups in the positive ion mode. A per-
mutation test was conducted to assess the risk of overfitting 
and evaluate model robustness with 200 permutations. The 
permutation test yielded an R2-intercept of 0.758 and a Q2-
intercept of −0.489 (Figure 2B), confirming that the model 
was not overfitted and ensuring the reliability of subsequent 
biomarker screening (Figure 2).

Screening out differential 
metabolites
The orthogonal partial least squares discriminant analysis 
model was used to identify differential metabolites between 
the two groups based on the following filtering criteria: P < 
0.05; FC > 2 or FC < 0.5; and variable importance in pro-
jection >1.0 in the positive ion mode. A total of 198 differ-
entially expressed metabolites (76 downregulated and 122 

upregulated) were revealed with expression discrepancies 
more pronounced towards the edges and peaks in a volcano 
plot visualization (Figure 3). A detailed description of the 
sequential metabolite selection process, including the num-
ber of metabolites retained at each stage, is provided in the 
Supplementary Materials.

Functional enrichment analysis of 
differential metabolites
Table 2 presents the results of metabolic pathway enrich-
ment analysis comparing the LTBI and non-LTBI groups. 
Eight metabolic pathways demonstrated significant 
enrichment (FDR < 0.05) after multiple testing correc-
tion. The most significantly enriched pathway was argi-
nine biosynthesis (FDR = 1.49 × 10−25; impact = 0.08), 
followed by porphyrin metabolism (FDR = 3.82 × 10−22; 
impact = 0.13), and lysine degradation (FDR = 5.34 × 
10−20; impact = 0.00). Additional significantly enriched 
pathways included biotin metabolism, primary bile acid 
biosynthesis, caffeine metabolism, arginine and proline 
metabolism, and purine metabolism. The pathway impact 
scores ranged from 0.00–0.13 with porphyrin metabolism, 

Table 1  Demographic and Baseline Characteristics of the Study Participants

Characteristics Non-LTBI (N, %) LTBI (N, %) χχ2/t P value
N 99 100

Age 42.0 (35.0, 51.5) 56.0 (37.5, 67.0) −3.42a 0.001

BMI 23.5 (21.1, 25.2) 23.0 (20.5, 25.0) 0.89a 0.375

Residence 0.39 0.532

  Town 57 (61.3) 63 (65.6)

  Country 36 (38.7) 33 (34.3)

Education 3.24 0.519

  No schooling 5 (5.2) 4 (4.2)

  Primary school 17 (17.7) 25 (26.3)

  Junior school 37 (38.5) 27 (28.4)

  Senior school 17 (17.7) 21 (22.1)

  College and above 20 (20.8) 18 (18.9)

Smoking 12.8 0.002

  Yes 4 (4.1) 17 (17.7)

  Quit 13 (13.3) 3 (3.1)

  No 81 (82.7) 76 (79.2)

Alcohol consumption 2.95 0.229

  Yes 7 (7.1%) 11 (11.6)

  Quir 2 (2.0%) 5 (5.3)

  No 89 (90.8%) 79 (83.2)

Type 2 diabetes 1.12b 0.290

  Yes 3 (3.2) 6 (6.3)

  No 90 (96.8) 87 (91.6)

  Unspecified 0 (0.0) 2 (2.1)

BCG vaccination 1.95 0.378

  Yes 58 (59.8) 65 (67.7)

  No 13 (13.4) 9 (9.4)

  Unspecified 26 (26.8) 22 (22.9)

Data are presented as a median (interquartile range) for continuous variables and N (%) for categorical variables. aMann-Whitney U test; 
bFisher’s exact test; all other comparisons used Pearson’s χ2 test. LTBI, latent tuberculosis infection; BMI, body mass index; BCG, Bacillus 
Calmette-Guérin.
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and arginine and proline metabolism showing the highest 
impact values (0.13 and 0.12, respectively), suggesting 
that these pathways may have particularly important roles 

in distinguishing metabolic profiles between LTBI and 
non-LTBI individuals. These findings suggest potential 
associations with disease pathogenesis (Figure 4).

Figure 2  Scatter plot of OPLS-DA model (A) and permutation test plot (B) of the LTBI and non-LTBI groups. (A) Scatter plot of the OPLS-DA 
model. The horizontal axis represents the score of the sample on the first principal component (t[1]) and the vertical axis represents the score 
of the sample on the second principal component (t[2]). The model showed clear separation between LTBI (red) and non-LTBI (blue) groups. 
(B) Permutation test plot with 200 permutations. The green circle represents the original model’s R2Y value and the blue square represents 
the original model’s Q2Y value. The permutation test yielded an R2-intercept of 0.758 and a Q2-intercept of −0.489, indicating that the model 
was not overfitted and had good predictive ability. Abbreviations: OPLS-DA, orthogonal partial least squares-discriminant analysis; LTBI, latent 
tuberculosis infection; R2Y, explanatory power of the model; Q2Y, predictive ability of the model.

Figure 3  Volcano plot of the metabolites derived from the LTBI and non-LTBI groups. The horizontal axis represents the multiple variation 
of differences in metabolites among different groups (log2fold change) and the vertical axis represents the level of significance of differences 
(−log10 (P-value)). Each point in the volcanic map represents a metabolite. Metabolites up-regulated were labeled red.
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Diagnostic performance of 
metabolites
Among the 198 significant differential metabolites 
screened, 43 candidate biomarkers were putatively iden-
tified (Metabolomics Standards Initiative [MSI] level 2) 
for distinguishing between the LTBI and non-LTBI groups 
(Supplementary Table 1). Univariate ROC analysis was 
performed to evaluate the discriminatory performance. 
Among the 43 candidate biomarkers, 4 putatively identified 
metabolites [leucylleucine, tryptophyl-phenylalanine, biliv-
erdin, and lysoPE(18:1(11Z)/0:0)] showed relatively high 
AUC values (AUC > 0.8) in this discovery cohort (Figure 
5, Supplementary Table 2). Specifically, leucylleucine had 
a notable AUC of 0.981 with 96% sensitivity and 94.9% 
specificity, demonstrating an FC of 32.95 compared to the 
non-LTBI group. Moreover, tryptophyl-phenylalanine had 
an AUC of 0.975 with a sensitivity of 96% and specificity 
of 97%.

Furthermore, a random forest model was applied to 
determine whether combining multiple metabolites could 
improve discriminatory performance. The combined AUCs 
were generally higher than the individual metabolites. For 
example, the combination of leucylleucine and tryptophyl-
phenylalanine yielded an AUC of 0.995 with a sensitivity 
of 94% and specificity of 97% (Supplementary Figure 2). 
The pairwise combination of leucylleucine and biliverdin 
had an AUC of 1.00 with 100% sensitivity and specificity 
(Figure 5). Combinations of three or four metabolites also 
resulted in AUC values approaching 1. However, it should be 
noted that feature selection and model evaluation were per-
formed within the same discovery cohort. Therefore, these 
high AUC values, particularly the AUC values approach-
ing 1.0, are likely optimistic due to overfitting and should 
be interpreted with caution. Notably, all four metabolites 
were identified at MSI level 2 without authentic standards. 
Definitive structural confirmation, especially for isomeric 
compounds, such as lysoPE species, requires targeted quan-
titative validation.

Five-fold cross-validation was repeated 5 times to assess 
the robustness of the random forest model. The cross-vali-
dated model achieved an AUC of 0.9998 (95% CI, 0.9996–
1.0000) with a sensitivity of 0.998 and specificity of 0.986 
(Supplementary Table 3).

Multivariable linear regression was used to adjust for 
these factors when analyzing the four key metabolites 

because age and smoking status differed between the 
LTBI and non-LTBI groups at baseline (median age, 56.0 
vs. 42.0 years; P = 0.001 and current smokers, 17.7% vs. 
4.1%; P = 0.002). Age, gender, and smoking status were 
included as covariates in the models. After adjustment, all 
four metabolites remained significantly associated with 
LTBI status (all FDR < 0.001). Specifically, leucylleu-
cine (adjusted P = 7.20 × 10−50), tryptophyl-phenylalanine 
(adjusted P = 2.51 × 10−24), biliverdin (adjusted P = 2.66 
× 10−15), and lysoPE(18:1(11Z)/0:0) [adjusted P = 8.58 × 
10−8] continued to differ between the LTBI and non-LTBI 
groups after adjustment (Table 3, Supplementary Table 
4). These results suggested that the observed associa-
tions are not fully explained by age, gender, or smoking, 
although residual confounding cannot be excluded.

Discussion

Metabolomics-based approaches have become indispensable 
for screening candidate biomarkers and optimizing clinical 
intervention strategies for TB. Identification of optimal meta-
bolic biomarkers could facilitate early recognition of an LTBI 
and provide mechanistic insights into how MTB evades host 
immune defense and establishes persistent latency. In the 
present untargeted metabolomics study, four plasma metab-
olites exhibited significant differential expression between 
LTBI and non-LTBI individuals. Specifically, leucylleucine, 
tryptophyl-phenylalanine, and lysoPE(18:1(11Z)/0:0) were 
significantly upregulated in the LTBI group, whereas biliv-
erdin was markedly downregulated. Among these molecules, 
tryptophyl-phenylalanine and leucylleucine represent novel 
TB-associated metabolites that have not been reported in 
previous studies and both showed excellent diagnostic per-
formance in our cohort. However, because feature selection 
and model evaluation were performed within the same dis-
covery cohort without external validation, these performance 
estimates should be interpreted cautiously. Notably, the 
associations of the four key metabolites with LTBI remained 
statistically significant after adjustment for age and smok-
ing status, indicating that the diagnostic potential is robust 
against these common confounding factors.

Tryptophyl-phenylalanine is a dipeptide formed from 
tryptophan and phenylalanine. Some dipeptides exert phys-
iologic regulatory effects and participate in cell signaling, 

Table 2  Enriched Metabolic Pathways between LTBI and non-LTBI Groups

Pathway Name Total 
Compounds

Hits Raw P-value log10P Holm 
adjust

FDR Impact

Arginine biosynthesis 14 2 1.86E-26 25.73 1.49E-25 1.49E-25 0.08

Porphyrin metabolism 31 2 9.55E-23 22.02 6.69E-22 3.82E-22 0.13

Lysine degradation 30 2 2.00E-20 19.70 1.20E-19 5.34E-20 0.00

Biotin metabolism 10 1 3.75E-16 15.43 1.88E-15 7.51E-16 0.00

Primary bile acid biosynthesis 46 1 3.07E-13 12.51 1.23E-12 4.91E-13 0.01

Caffeine metabolism 10 1 3.80E-13 12.42 1.23E-12 5.07E-13 0.00

Arginine and proline metabolism 36 1 2.23E-10 9.65 4.45E-10 2.54E-10 0.12

Purine metabolism 70 1 1.18E-6 5.93 1.18E-6 1.18E-6 0.02

Abbreviations: Holm adjust, Holm-adjusted P-value; FDR, false discovery rate.
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while most dipeptides act as intermediate metabolites in 
amino acid catabolism following protein hydrolysis [14]. 
The exact physiologic function of tryptophyl-phenylala-
nine is poorly defined and requires further investigation. 
Previous studies have demonstrated gradually decreased 
peripheral tryptophan levels during the progression from 
LTBI to active TB, which is largely attributed to the upregu-
lation of indoleamine 2,3-dioxygenase (IDO). As a rate-lim-
iting enzyme, IDO catalyzes tryptophan degradation into 
kynurenine. MTB can independently synthesize tryptophan 
to evade persistent IDO-mediated tryptophan depletion, 
thereby maintaining intracellular survival and proliferation 
[15]. In addition, elevated phenylalanine abundance has been 
observed in active TB compared to LTBI, implying progres-
sive metabolic reprogramming along TB disease progression 
[16]. The current study revealed increased plasma trypto-
phyl-phenylalanine in LTBI individuals. Nevertheless, the 
biological role of this dipeptide in MTB infection is unclear. 
Thus, the observed increase in this dipeptide is an associa-
tion that should not be mistaken for a proven mechanism. 
The increased plasma tryptophyl-phenylalanine may merely 
serve as a metabolic signature of the host–pathogen interac-
tion but this interpretation remains hypothetical.

Plasma leucylleucine was significantly elevated in LTBI 
patients. MTB relies on a tightly regulated Clp protease sys-
tem to maintain cellular homeostasis and achieve long-term 
latent survival in the host [17]. The Clp system is critical 
for MTB growth and virulence, in which ClpP1 and ClpP2 
assemble into the ClpP1P2 tetradecamer, which is dependent 
on the activating peptide, benzyloxycarbonyl-leucyl-leucine 

[18]. However, direct in vivo evidence linking circulating 
leucylleucine to the activity of the MTB Clp system is lack-
ing. The current mechanistic interpretation remains specula-
tive and warrants further experimental validation.

LysoPE(18:1(11Z)/0:0) belongs to lysophospholipids 
(LPLs), which are key intermediates in phospholipid biosyn-
thesis and essential components of biological membranes. 
LPLs also act as important signaling molecules and medi-
ate a wide range of biological processes [19]. Accumulating 
evidence indicates that specific LPLs support bacterial 
adaptation and proliferation under stress conditions and 
participate in the regulation of bacterial pathogenicity [20]. 
Lysophosphatidylethanolamine (LysoPE) is the second most 
abundant lysoglycerophospholipid in human blood with 
physiologic concentrations ranging from 10–50 μM and 
accounting for approximately 1% of total serum phospho-
lipids [21]. LysoPE serves as an important growth factor 
and extracellular regulator for eukaryotic cells and bacte-
rial-derived LysoPE can be released into the microenviron-
ment following bacterial lysis [22]. In this study plasma 
lysoPE(18:1(11Z)/0:0) was upregulated in LTBI, which is 
inconsistent with previous findings of decreased LysoPE in 
pulmonary [23] and spinal TB [24]. Such a discrepancy may 
be attributed to distinct host metabolic responses between 
latent and active TB states. Given that current evidence is 
indirect, the exact biological function of LysoPE in LTBI 
pathogenesis remains to be clarified.

In contrast to the three upregulated metabolites, biliverdin 
was significantly reduced in LTBI individuals. Biliverdin is 
a central intermediate in heme metabolism and generated via 

Figure 4  Enriched metabolic pathways between the LTBI and non-LTBI groups. The vertical axis of the enriched metabolic pathways plot 
represents the significance level of metabolic differences, expressed as −log10 (P). Each dot represents a metabolic pathway, where the color 
intensity indicates the significance level (darker color = higher significance), and the dot size reflects the impact factor (larger dot = greater 
impact).
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heme degradation catalyzed by heme oxygenase-1 (HO-1), 
which is commonly induced under inflammation and patho-
gen infection. HO-1 upregulation has been well-documented 
during MTB infection, modulating host immune responses 
and oxidative stress homeostasis [25]. Moreover, MTB 

encodes a biliverdin reductase-like enzyme that converts 
biliverdin to bilirubin, suggesting that MTB may actively 
interfere with host heme metabolism during infection [26]. 
These mechanisms provide a plausible explanation for the 
decreased biliverdin levels observed in our LTBI cohort. 

Figure 5  Individual ROC curve and combined ROC curve diagnostic model of multiple metabolites for differentiation between LTBI and 
non-LTBI.
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Even so, the causal relationship between biliverdin metabo-
lism and MTB latency has not been clarified. Downregulation 
of biliverdin may primarily reflect host metabolic adaptation 
to MTB infection rather than a direct pathogenic mechanism 
[27] and further experimental studies are warranted to vali-
date the biological implication.

Mounting evidence suggests that MTB infection is associ-
ated with immunometabolic reprogramming in host immune 
cells, which may influence infection outcomes that range 
from bacterial control to persistent latency [28–31]. In this 
context, the metabolic alterations observed in the current 
study represent associations between host metabolic pro-
files and LTBI status, rather than mechanistic evidence. The 
IDO-mediated tryptophan–kynurenine pathway is widely 
recognized as an important immunoregulatory cascade 
that suppresses T-cell responses during LTBI [29]. Based 
on this background, the increased tryptophyl-phenylala-
nine observed in the LTBI cohort may be associated with 
alterations in host tryptophan metabolism linked to immune 
regulation. Lipid metabolic remodeling, particularly altera-
tions in lysophospholipid species, such as LysoPE, has been 
implicated in host immune regulation and bacterial adap-
tation under stress conditions [30]. The elevated LysoPE 
observed in LTBI is consistent with reported lipid metabolic 
perturbations during infection. Heme metabolism is another 
pathway known to be affected during MTB infection with 
HO-1–mediated catabolism influencing oxidative stress 
responses and immune regulation [25–27]. The decreased 
biliverdin observed in LTBI may reflect alterations in host 
heme metabolism associated with infection status. Pathway 
enrichment analysis further identified arginine biosynthesis 
as significantly altered, which is consistent with the known 
role in macrophage immunometabolic regulation and nitric 
oxide–mediated antimicrobial activity [31]. Overall, these 
findings suggest that LTBI is associated with coordinated 
metabolic differences in the host, which may reflect under-
lying biological processes that warrant further investigation.

Several limitations of this exploratory study should be 
explicitly acknowledged. First, all participants were recruited 
from a single geographic region in China and no independ-
ent external validation cohort was included, which inevita-
bly limits the generalizability of the findings. The present 
results should therefore be regarded as preliminary and 
hypothesis-generating, and clinical application is premature 
before rigorous validation in independent cohorts. Second, 
LTBI and non-LTBI individuals were enrolled from different 
source populations (close contacts of active TB patients ver-
sus prison detainees). Differences in socioeconomic status, 
lifestyle, and environmental exposures may independently 

affect metabolomic profiles, thereby introducing potential 
selection bias and residual confounding. The intergroup 
metabolic differences should thus be interpreted cautiously 
and future studies are recommended to recruit both groups 
from the same source population to minimize selection 
bias. Third, although 5-fold repeated cross-validation was 
applied to mitigate overfitting, feature selection and diagnos-
tic model evaluation were both performed within the same 
discovery cohort. Such internal modeling tends to generate 
overly optimistic diagnostic performance and the true accu-
racy of these biomarkers can only be validated in external 
independent cohorts. Fourth, dedicated functional experi-
ments were not conducted to elucidate the mechanistic roles 
of the four identified metabolites. In addition, this study 
adopted an untargeted metabolomics strategy, which may 
compromise quantitative precision and definitive structural 
identification, especially for low-abundance metabolites and 
isomeric compounds. Systematic methodologic validation, 
including precision, extraction recovery, matrix effect and 
metabolite stability, according to bioanalytical guidelines 
was not performed at this discovery stage. The four key 
metabolites were annotated at MSI level 2 based on accurate 
mass matching (< 5 ppm mass error), MS/MS fragmentation 
alignment with public databases (HMDB and METLIN), 
and literature-consistent retention time. This level of iden-
tification is insufficient for definitive structural confirma-
tion, especially for low-abundance or isomeric compounds, 
such as LysoPE species. No authentic standards were used 
for definitive confirmation, which remains an inherent lim-
itation of the current work. Therefore, targeted quantitative 
validation with authentic standards in multicenter independ-
ent cohorts is indispensable before the clinical translation 
of these candidate biomarkers. Furthermore, the absence of 
pooled quality control samples, a standard requirement for 
untargeted metabolomics, limits our ability to assess batch-
to-batch variation and feature stability. While internal stand-
ards showed acceptable consistency, internal standards do 
not replace pooled QC for comprehensive technical varia-
bility assessment.

Despite the above limitations, this exploratory study first 
characterized the plasma metabolic profiling of LTBI and 
screened four promising biomarker candidates. To advance 
clinical translation, future research should focus on the fol-
lowing: (1) validating the diagnostic efficacy of the four 
metabolites in multicenter independent cohorts using tar-
geted quantitative metabolomics with authentic chemical 
standards; (2) enrolling LTBI and non-LTBI subjects from 
identical source populations to reduce selection bias; and 
(3) performing functional experiments, such as in vitro 

Table 3  Multivariable Linear Regression Analysis of Four Key Metabolites Adjusting for Age and Smoking

Metabolite Raw P-value Adjusted P-valuea FDR-adjusted P-value ββ (95% CI)b

Leucylleucine 2.49 × 10−67 7.20 × 10−50 2.88 × 10−49 4.15 (3.75, 4.55)

Tryptophyl-phenylalanine 4.99 × 10−38 2.51 × 10−24 5.03 × 10−24 3.45 (2.88, 4.02)

Biliverdin 1.25 × 10−20 2.66 × 10−15 3.55 × 10−15 −3.41 (−4.19, −2.63)

LysoPE(18:1(11Z)/0:0) 3.72 × 10−13 8.58 × 10−8 8.58 × 10−8 0.65 (0.42, 0.88)

aAdjusted for age (continuous) and smoking status (categorical [never, former, or current]); bβ coefficient represents the log-transformed fold 
change between LTBI and non-LTBI groups after adjustment; 95% confidence intervals are shown in parentheses.
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MTB-macrophage infection models to clarify the biologi-
cal mechanisms underlying these metabolic perturbations. 
These efforts will help establish the clinical utility of the 
identified biomarkers and deepen our mechanistic under-
standing of LTBI pathophysiology.

Conclusion

This exploratory untargeted metabolomics study observed 
differences in plasma metabolic profiles between LTBI and 
non-LTBI individuals and highlighted four metabolites [leu-
cylleucine, tryptophyl-phenylalanine, biliverdin, and lys-
oPE(18:1(11Z)/0:0)] as potentially relevant to LTBI status. 
However, several important limitations need to be emphasized. 
The LTBI and non-LTBI groups were recruited from different 
populations, which introduces potential selection bias and con-
founding from unmeasured environmental and socioeconomic 
factors. Moreover, diagnostic performance was evaluated 
within a single discovery cohort without independent external 
validation. Although cross-validation was performed, the risk 
of overfitting remains, and the reported AUC values should not 
be interpreted as true estimates of clinical accuracy. In addi-
tion, metabolite identification was based on MSI level 2 anno-
tation without validation using authentic standards and no tar-
geted quantitative analysis was conducted. These factors limit 
the robustness and reproducibility of the reported biomarkers.
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