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Tuberculosis (TB) remains a major global health challenge. Peripheral blood immune cell composition 
provides valuable insights into TB progression and management. In this study, we analyzed cellular 
dynamics across the TB disease spectrum using 43 global transcriptomic datasets encompassing 5,902 
blood samples. Distinct immune changes were identified during the early stages of TB progression. 
Transition from latent infection to incipient TB was associated with reduced proportions of natural 
killer (NK) cells. In subclinical TB, monocyte proportions increased further, accompanied by additional 
reductions in NK cells and B cells. These early immune shifts preceded the pronounced alterations 
observed in active TB, characterized by elevated monocytes and neutrophils alongside markedly 
decreased lymphocyte populations. During successful anti-TB treatment, immune profiles gradually 
normalized. Cellular dynamics were also influenced by TB burden, age, and HIV coinfection, with 
stronger immune responses observed in adults and in regions with lower TB burdens. Overall, this 
study highlights early-stage peripheral blood biomarkers, particularly NK cell changes, as potential 
indicators of TB progression and targets for preventive interventions.
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Tuberculosis (TB), caused by Mycobacterium tuberculosis (Mtb), is one of the oldest known diseases and remains 
the deadliest infectious disease globally1. In 2023, approximately 10.8 million people were diagnosed with TB, 
leading to 1.25 million deaths worldwide1. To combat the ongoing TB epidemic and reduce mortality, the World 
Health Organization (WHO) set a target in 2015 to “end the TB epidemic by 2035” through proactive screening 
and preventive treatment for high-risk populations2. Early diagnosis and timely intervention are particularly 
critical for minimizing diagnostic delays and controlling the spread of TB within communities3.

In TB research, examining the cellular composition of peripheral blood can significantly support early 
diagnosis and intervention across multiple dimensions4. First, the immune system’s capacity to recognize and 
control Mtb infection is essential. Peripheral blood is an easily accessible source of immune cells, including 
monocytes, neutrophils, and T cells. These cells offer valuable insights into the immune responses that influence 
TB control and progression4. For example, CD4+ T cells, particularly those that produce interferon gamma 
(IFN-γ), play a key role in activating macrophages to eliminate bacteria5. However, immune response imbalances, 
such as excessive inflammation or immune suppression, can either improve or worsen TB outcomes6. Compared 
with those with active TB (ATB), people with latent TB infection (LTBI) display a distinct immune cell profile, 
offering insights into the immune system’s shift from containing bacteria to allowing active disease5. Second, the 
blood immune cell composition can indicate the TB stage and the ability of the body to fight infection. Patients 
with ATB often exhibit higher levels of proinflammatory cytokines and altered frequencies of monocytes 
and neutrophils than do those with LTBI or healthy individuals7. Additionally, blood tests revealing elevated 
neutrophil counts or altered monocyte‒lymphocyte ratios are commonly linked with severe or disseminated TB8. 
Monitoring these changes enables clinicians to predict disease outcomes and adjust treatment strategies. Third, 
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peripheral blood biomarkers are essential for enhancing TB diagnostics and monitoring treatment progress. 
Cellular markers, such as specific surface protein expression levels (e.g., PD-1 on T cells or CD38 on monocytes) 
and cytokine production patterns, can indicate TB activity or treatment response. For example, increased 
CD38+ CD4+ T cell levels are associated with ATB and can help distinguish ATB from LTBI9. Thus, studying 
peripheral blood cellular compositions is essential for understanding immune responses in TB, assessing disease 
progression, and identifying diagnostic biomarkers.

The compositional changes in peripheral immune cells during TB development and treatment have been 
thoroughly explored via blood transcriptomes10. A pioneering study on blood transcriptomes in ATB patients 
reported a decrease in lymphocytes, including CD4+ T cells, CD8+ T cells, and B cells, in ATB patients within 
the Leicester cohort11,12. Furthermore, a reduction in polyfunctional type 17 helper T (Th17) cell-like memory T 
cells was observed among individuals who progressed from Mtb infection to ATB in a Peruvian TB progression 
cohort13. In a single-cell transcriptome analysis of peripheral blood samples from healthy controls and LTBI and 
ATB patients, Cai et al. reported a gradual depletion of CD3− CD7+ GZMB+ natural killer (NK) cells with TB 
disease progression in a Chinese cohort14. This depletion of circulating NK cells was reversed following anti-TB 
treatment (ATT). However, a distinct NK-like CD8+ γδ T cell subset was expanded in patients with persistent 
Mtb infection within the ACS cohort15. Conversely, certain myeloid cells, such as inflammatory monocytes, were 
found to be elevated in ATB patients11,12. For example, the number of circulating CD14+ CD16+ monocytes was 
elevated in ATB patients in one Chinese cohort14. In contrast, Lyu et al. reported no such changes in monocytes 
in another Chinese cohort16. They only reported a significant decrease in naive CD4+ T cells in ATB patients. 
These findings indicate substantial changes in circulating immune cells across various stages of Mtb infection, 
although the diversity of cellular responses across different cohorts could limit their diagnostic value for TB 
in practical settings. To strengthen the reliability of these cellular changes as circulating biomarkers during 
TB development and treatment, Roy Chowdhury et al. performed a computational deconvolution analysis of 
cell proportions in the peripheral blood across more than 10 clinical cohorts from three continents, including 
uninfected individuals (UI), LTBI, ATB, and treated TB patients, via blood transcriptomic datasets17. Their 
analysis revealed a consistent increase in the number of circulating NK cells in LTBI patients, a decrease in ATB, 
and a return to baseline following clinical recovery. Importantly, this change in circulating NK cells was further 
validated in an independent cohort, the South African longitudinal cohort, confirming its association with TB 
progression, treatment response, and the local inflammatory profile in ATB patients17. This underscores the 
importance and applicability of integrating heterogeneous datasets to increase the reproducibility, robustness 
and generalizability of the use of cellular biomarkers for TB diagnosis and treatment18,19.

While existing studies have revealed widespread changes in the circulating blood cell composition during TB 
development and treatment, most findings rely on a simplified binary classification of TB states—LTBI and ATB. 
Although this model has helped prevent millions of TB-related deaths, it has had a limited effect on reducing 
transmission and disease incidence, likely because millions of TB-infected individuals do not seek healthcare 
or receive treatment20. Recent studies have further refined the classification of asymptomatic LTBI individuals 
into three categories: LTBI non-progressors (LTBI NP), incipient TB patients (ITB), and subclinical TB patients 
(STB)21,22. Among these individuals, STB patients contribute significantly to Mtb transmission despite showing 
no clinical symptoms23. Therefore, a deeper understanding of stage-specific cellular compositional changes 
throughout the TB spectrum, particularly in the disease’s early stages, is essential for advancing knowledge of TB 
progression and detection22. To meet this need, we expanded our meta-analysis of blood cellular compositions 
in human TB by including additional public blood transcriptome datasets and categorizing TB-related samples 
within a framework that considers key asymptomatic stages in the TB disease spectrum20. We conducted a 
systematic analysis of changes in the circulating blood cell composition following Mtb infection and post-TB 
treatment across global TB cohorts (Fig. 1). Additionally, we examined the impact of potential confounding 
factors, such as local TB disease burden, age, and HIV coinfection, on these compositional changes throughout 
TB progression.

Materials and methods
Data collection
We searched for blood transcriptomic datasets related to human TB from NCBI GEO24 and EBI ArrayExpress25 
in April 2024 via the terms “tuberculosis”, “transcriptome”, “Homo sapiens”, “whole blood OR peripheral blood 
mononuclear cells OR PBMCs” (Supplementary Figure S1). This search yielded 43 transcriptomic datasets primarily 
focused on diagnosing LTBI or ATB, predicting TB progression, or monitoring treatment (Supplementary 
Table S1; Supplementary Notes, Sect. 1). In total, the dataset comprised gene expression data from 5,902 blood 
samples across five continents. All raw data were downloaded and processed using a uniform preprocessing 
procedure to obtain protein-coding gene expression profiles (Supplementary Notes, Sect. 2). We identified that 
some cohorts included overlapping individuals (Supplementary Table S1). To maximize data availability and 
completeness, we retained these overlapping samples within their respective cohorts and analyzed each dataset 
as an independent cohort. These overlaps are unlikely to bias results given the size and diversity of the datasets. 
Leukocyte proportions were subsequently estimated from gene expression profiles using the CIBERSORTx26 
cell-mixture deconvolution approach (Supplementary Notes, Sect. 3; Supplementary Figure S2).

Phenotype data processing
For decades, TB disease states have been classified using a binary model of LTBI and ATB27. While widely 
used, this simple model has several limitations. LTBI individuals are broadly defined as the presence of Mtb 
without clinical TB symptoms or infectiousness, whereas ATB is diagnosed by positive culture or molecular 
tests accompanied by symptoms such as fever, fatigue, appetite loss, and weight loss. To consolidate evidence 
on post-infection outcomes, we reviewed definitions of TB disease states from recent studies28–30. These criteria 
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incorporated immunologic tests (e.g., tuberculin skin test, IFN-γ release assay), microbiologic assessments (e.g., 
bronchoalveolar lavage, pleural fluid, or sputum culture), radiographic findings (e.g., chest X-ray, PET/CT), and 
clinical symptoms. Based on these criteria, individuals with recent Mtb exposure could be classified into the 
following groups (Supplementary Figure S4):

	1.	 UI (Uninfected individuals): Individuals uninfected or who cleared bacteria through innate or adaptive im-
munity during follow-up. Samples with < 6 months of follow-up from the date of blood draw were excluded 
to minimize misclassification)31.

	2.	 LTBI NP (Latent TB infection, non-progressors): Infected individuals who remained TB-free during fol-
low-up, with the same exclusion criteria as above31.

	3.	 ITB (Incipient TB): Individuals who progress to ATB during follow-up but showed no microbiological evi-
dence, radiological abnormalities, or clinical symptoms at the time of blood draw.

	4.	 STB (Subclinical TB): Individuals who progress to ATB during follow-up, showing no clinical symptoms but 
presenting with immunological, microbiological, or radiological abnormalities at the time of blood draw. 
Cases with subsequent remission were excluded to reduce misclassification.

	5.	 ATB (Active TB): Newly diagnosed cases or cases detected through passive surveillance, defined by the pres-
ence of clinical symptoms, radiological abnormalities, and microbiological evidence.

To analyze cellular changes across TB stages, particularly the early asymptomatic stages, we redefined TB disease 
states in 37 cross-sectional studies based on these criteria. We also standardized the timing of blood samples 
for contacts who developed ATB as “time to diagnosis” across 43 datasets, enabling sequential assessment 
of TB progression (Supplementary Notes, Sect.  4). Healthy controls were annotated as UIs for consistency 
(Supplementary Table S1). Additionally, samples were grouped by TB burden, age, and HIV status to assess the 
influence of potential confounding factors (Supplementary Notes, Sect. 4).

Blood cellular composition comparison
To enhance robustness, we conducted multi-cohort case-control comparisons of blood cellular composition 
across different TB stages in both cross-sectional and longitudinal cohorts. A bivariate meta-analysis (sample 
size ≥ 5) with a random-effects model17 was performed using MetaIntegrator32. The resulting summary effect 
size (ES) indicated whether cellular proportions increased or decreased across disease stages (Supplementary 
Notes, Sect. 5.1). To assess the heterogeneity of ES estimates across studies, we also calculated a consistency score 
(C_score). To account for potential confounding factors such as country, age, and HIV coinfection, comparisons 
were further adjusted using linear regression (Supplementary Notes, Sect. 5.2). Group-wise analyses were then 
performed to evaluate compositional differences by age group, TB burden, and HIV status, with summary ES 
values from the meta-analysis serving as the comparison metric (Supplementary Notes, Sect. 5.3). Statistical 
significance was assessed using a false discovery rate (FDR) threshold of 0.1.

Results
Changes in peripheral blood cell composition in LTBI and ATB
We estimated the proportions of two myeloid cell types (monocytes and neutrophils) and four lymphocyte types 
(CD8+ T cells, CD4+ T cells, NK cells, and B cells) from 5,902 blood samples across all transcriptomic datasets 
(Supplementary Table S1; Supplementary Figure S3). Using these estimates, we first categorized TB-related 
samples according to the classical binary model and compared the cellular compositions of LTBI individuals 
and ATB patients with those of UI individuals (Fig. 1A).

In LTBI individuals, monocyte exhibited the most significant increase (ES = 0.345, FDR < 0.001), with 
largely consistent results (C_score = 0.429) across 14 cohorts (Fig. 2A and B; Supplementary Tables S3A, S4A). 
No significant changes were observed in the proportions of neutrophils, CD4+ T cells, CD8+ T cells, NK cells, 
or B cells (Supplementary Figure S5A; Supplementary Table S4A). In ATB patients, cellular shifts were more 
pronounced across 20 global cohorts (Fig. 2A and C; Supplementary Figure S5B; Supplementary Tables S3B, 
S4B). Monocyte (ES = 1.502, FDR < 0.001) and neutrophil proportions (ES = 0.386, FDR < 0.001) significantly 
increased, while CD4+ T cells (ES = -0.76, FDR < 0.001), CD8+ T cells (ES = -0.516, FDR < 0.001), NK cells 
(ES = -0.751, FDR < 0.001), and B cells (ES = -0.507, FDR < 0.001) significantly decreased. These compositional 
changes, particularly the monocyte increase, were consistent across cohorts (C_score = 0.9). Notably, these 
changes remained robust after adjustment for country, age, and HIV status (Supplementary Figures S6A, S6B; 
Supplementary Table S5A). A direct comparison of LTBI and ATB individuals across 25 cohorts revealed patterns 
similar to those observed between ATB and UI individuals (Fig. 2A; Supplementary Figure S5C; Supplementary 
Tables S3C, S4C).

Overall, these findings indicate that immune compositional changes begin in the LTBI state, characterized by 
monocyte expansion, are broaden to involve all major blood cell types as the disease progresses to ATB.

Changes in peripheral blood cell composition during the early stages of TB development
In the previous multi-cohort analysis, LTBI individuals were defined as those infected with Mtb but without 
progression to disease. Under this framework, early-stage cellular changes remain poorly understood, despite 
some compositional alterations observed in LTBI individuals. To address this gap, we examined cellular shifts 
more closely, as they may provide insights for preventive therapies and reduce Mtb transmission (Fig. 1B).

In the revised TB disease spectrum framework, asymptomatic LTBI individuals were further classified into 
three groups: LTBI NP, ITB, and STB. We compared blood cell proportions in these asymptomatic states with 
those in UI individuals across multiple global cohorts. Among LTBI NP individuals, no significant differences 
in myeloid or lymphocyte cell compositions were observed compared with UI individuals across six cohorts 
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(Fig. 3A; Supplementary Figure S7A; Supplementary Tables S6A, S7A). In ITB patients, NK cells were significantly 
decreased in one cohort (ES = -1.249, FDR = 0.005; Fig. 3A; Supplementary Figure S7B; Supplementary Tables 
S6B, S7B). Among STB patients, monocyte proportions significantly increased across two cohorts (ES = 1.121, 
FDR < 0.013; Fig. 3A and B; Supplementary Tables S6C, S7C), whereas NK cells (ES = -0.605, FDR = 0.055) and 
B cells (ES = -0.839, FDR = 0.004) significantly decreased. Neutrophils tended to increase and T cells to decrease 
across cohorts, although these changes did not reach statistical significance (Fig.  3A and B; Supplementary 
Figure S7C). Importantly, these compositional shifts remained after adjusting for country, age, and HIV status, 
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suggesting they were driven primarily by disease progression (Supplementary Figures S6C, S6D; Supplementary 
Table S5B).

We next examined changes between consecutive disease stages (Fig.  1B). No significant differences were 
found between LTBI NP and ITB, or between ITB and STB (Fig.  3A; Supplementary Figures S7D, S7E; 
Supplementary Tables S6D, S6E, S7D, S7E). By contrast, prominent changes were observed between STB and 
ATB patients across four cohorts (Fig. 3A; Supplementary Tables S6F, S7F). Among myeloid cells, monocytes 
showed significant increases in ATB patients (ES = 0.664, FDR = 0.027), whereas neutrophils displayed a non-
significant upward trend (ES = 0.508, FDR = 0.237; Fig. 3C). Among lymphocytes, CD4+ T cells were significantly 
reduced in ATB (ES = -0.692, FDR = 0.001), while CD8+ T cells (ES = -0.381, FDR = 0.199), NK cells (ES = -0.415, 
FDR = 0.191), and B cells (ES = -0.382, FDR = 0.237) all demonstrated downward but non-significant trends 
(Supplementary Figure S7F).

In summary, no significant compositional changes were detected in the non-infectious stage of TB across 
these limited cohorts. NK cell reduction emerged early during progression to ITB, followed by increased 
monocytes and decreased B cells in STB. The transition from STB to ATB was marked by further monocyte 
expansion alongside significant CD4+ T cell depletion.

Fig. 1.  Schematic framework of the experimental design. (A) Multi-cohort analysis of changes in circulating 
blood cell compositions during the latent TB infection (LTBI) and active disease (ATB) stages. (B) The 
latent infection stage was further subdivided into three asymptomatic stages: latent infection without disease 
progression (LTBI NP), incipient TB (ITB), and subclinical TB (STB). Compositional changes during the 
early stages of TB development were analyzed through multi-cohort comparisons. (C) Temporal changes 
in circulating blood cell compositions were examined in longitudinal cohorts of individuals who eventually 
progressed to ATB. (D) Temporal variations in blood cell proportions were analyzed in TB patients receiving 
anti-tuberculosis treatment (ATT). (E) The effects of factors such as TB burden, age, and HIV coinfection on 
cellular changes in circulating blood during TB development were also investigated.

◂

Fig. 2.  Compositional changes in peripheral blood cells among LTBI individuals and ATB patients 
across global cohorts. (A) Bubble plot illustrating the compositional changes in six cell types across three 
comparisons: LTBI individuals versus UI patients, ATB patients versus UI patients, and ATB patients versus 
LTBI individuals. Red bubbles indicate an increase in the cellular composition, whereas blue bubbles indicate 
a decrease. The intensity of the color reflects the degree of change, with a false discovery rate (FDR) threshold 
of 0.1 for statistical significance. The bubble size represents the absolute magnitude of the effect size. White 
circles denote comparisons with no significant differences. (B) Forest plots showing the compositional changes 
in monocytes, neutrophils, and NK cells between LTBI individuals and UI patients. (C) Forest plots depicting 
the compositional changes in monocytes, neutrophils, and NK cells between ATB patients and UI patients. 
The GEO or ArrayExpress identifiers represent individual cohorts. Each circle indicates the standardized mean 
difference (effect size, ES) in cellular composition between two groups, with the circle size proportional to 
the cohort sample size. The horizontal strip of each circle denotes the 95% confidence interval for the ES. The 
diamond represents the overall difference in cellular proportions between two groups, derived by integrating 
ES values from all cohorts (Summary). The FDR value indicates the statistical significance of the overall cellular 
compositional difference across cohorts.
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Temporal changes in peripheral blood cell composition during TB progression
Several longitudinal studies have investigated temporal changes in peripheral blood transcriptomes as TB contacts 
progress from TB infection to ATB28,33–36. These studies provide valuable insights into the cellular dynamics 
preceding clinical diagnosis, using cohorts such as Zak_SA33, Suliman_GC6-7434, Singhania_Leicester35, Tabone_
Leicester28, and Roe_UK36 cohorts (Fig. 1C; Supplementary Table S8). We divided longitudinal blood samples 
into six time periods (Supplementary Notes, Sect. 4) preceding TB diagnosis and compared cell compositions at 
each interval to those of UI individuals.

Monocyte proportions began increasing as early as 360–540 days before diagnosis (ES = 0.649, FDR = 0.002) 
and continued to rise at 360–180 days before diagnosis (ES = 1.066, FDR = 0.016; Fig. 4A and B). Between 180 
and 60 days prior to diagnosis, significant reductions in B cells were observed (ES = -0.463, FDR = 0.022; Fig. 4A 
and C; Supplementary Figure S8C). Interestingly, compositional changes became less pronounced as diagnosis 
approached, in contrast to patterns observed in cross-sectional cohorts (Figs.  4A; Supplementary Figure S8; 
Supplementary Tables S9). Monocytes nevertheless exhibited a consistent increase between 60 and 21 days 
before diagnosis (ES = 1.245, FDR < 0.001; C_score = 1; Fig. 4A; Supplementary Figure S8E). In the final 21 days 
before diagnosis, monocytes (ES = 1.222, FDR < 0.001), NK cells (ES = -0.978, FDR < 0.001), and B cells (ES = 
-0.82, FDR < 0.001; Fig. 4A and D; Supplementary Figure S8F) all underwent significant compositional changes. 
These results demonstrate that peripheral blood cell alterations occur in distinct temporal patterns throughout 
TB progression.

We further examined the compositional changes in individual TB progressors across four longitudinal cohorts: 
Zak_SA33, Suliman_GC6-7434, Singhania_Leicester35, and Tabone_Leicester28 cohorts (Fig. 1C). In the Zak_SA 
cohort, nine out of eighteen progressors exhibited the highest proportion of monocytes in the earliest time 
period before diagnosis (Fig. 4E). Some individuals, such as patients 06_0127 and 07_0259, showed a decrease 
in monocyte proportions as disease advanced. In the Suliman_GC6-74 cohort, seven of twenty progressors 
displayed rising monocyte proportions during follow-up (Fig.  4F). Similar but heterogeneous patterns were 
observed in the Singhania_Leicester (Supplementary Figure S9) and Tabone_Leicester (Supplementary Figure 
S10) cohorts, where only ~ 50% of progressors demonstrated monocyte increase prior to diagnosis. For NK 
cells, reductions were detected in eight of eighteen progressors in the Zak_SA cohort (Fig.  4E) and eight of 
twenty in the Suliman_GC6-74 cohort (Fig.  4F). In contrast, more than two-thirds of progressors in the 
Singhania_Leicester and Tabone_Leicester cohorts exhibited NK cell declines (Supplementary Figures S9, S10). 
Considerable heterogeneity was also evident in other blood cell types, including B cells, T cells, and neutrophils 
(Supplementary Figures S9-S12).

Collectively, these findings reinforce the overarching trend of monocyte expansion and concomitant NK and 
B cell decline during TB progression. However, substantial inter-patient and inter-cohort variability in blood 
cell dynamics was observed. While monocyte increases were consistent across all time periods, other blood 
cell populations showed fluctuating changes at different intervals. The earliest detectable alterations occurred 
between 360 and 60 days prior to TB diagnosis, marking a critical window in TB development.

Fig. 3.  Compositional changes in peripheral blood cells during the early stages of TB development across 
global cohorts. (A) Bubble plot illustrating compositional changes in six cell types across various comparisons: 
LTBI NP versus UI individuals, ITB patients versus UI individuals, STB patients versus UI individuals, ITB 
patients versus LTBI NP individuals, STB patients versus ITB patients, and ATB patients versus STB patients. 
Red bubbles indicate an increase in the cellular composition, whereas blue bubbles indicate a decrease. The 
intensity of the color reflects the degree of change, with a false discovery rate (FDR) threshold of 0.1 for 
statistical significance. The bubble size represents the absolute magnitude of the effect size. White circles 
denote comparisons with no significant differences. (B) Forest plots showing compositional changes in 
monocytes, CD4+ T cells, NK cells, and B cells between STB patients and UI patients. (C) Forest plots showing 
compositional changes in monocytes, CD4+ T cells, NK cells, and B cells between ATB and STB patients. The 
GEO or ArrayExpress identifiers represent individual cohorts. Each circle indicates the standardized mean 
difference (effect size, ES) in cellular composition between two groups, with the circle size proportional to 
the cohort sample size. The horizontal strip of each circle denotes the 95% confidence interval for the ES. The 
diamond represents the overall difference in cellular proportions between two groups, derived by integrating 
ES values from all cohorts (Summary). The FDR value indicates the statistical significance of the overall cellular 
compositional difference across cohorts.
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Temporal changes in peripheral blood cell composition during ATT
In addition to pre-diagnosis changes, longitudinal cohorts have also provided insights into how peripheral blood 
cell compositional shifts during ATT. Using data from nine global cohorts, we tracked cellular dynamics across 
four intervals following treatment initiation: [7, 28], (28, 60], (60, 182], and (182, 360] days during ATT (Fig. 1D; 
Supplementary Table S10A). Compared with untreated ATB patients, myeloid cell populations (monocytes and 
neutrophils) progressively declined, while lymphocyte populations (CD4+ T cells, CD8+ T cells, NK cells, and B 
cells) increased (Fig. 5A; Supplementary Table S11; Supplementary Figure S13).

During the early treatment phase (7–28 days post-treatment), monocytes decreased significantly (ES = -0.702, 
FDR < 0.001; Fig. 5A and B), accompanied by increases in CD4+ T cells (ES = 0.32, FDR = 0.053), CD8+ T cells 
(ES = 0.494, FDR = 0.004), and NK cells (ES = 0.383, FDR = 0.019). Neutrophil reductions emerged between 28 
and 60 days (ES = -0.538, FDR = 0.018), and B cell expansion became evident between 60 and 182 days (Fig. 5A 
and C). By 60–182 days and extending to 360 days post-treatment, significant shifts were observed across all 
major cell types, coinciding with the presumed clinical cure of ATB patients (Supplementary Figure S13).

To explore the relationship between these compositional changes and treatment outcomes, we analyzed 
the Thompson_SA cohort37, where patients were categorized as “cured”, “probable cured”, or “not cured” 
(Supplementary Table S10B). Cured patients exhibited rapid reductions in monocytes and increases in CD4+ 
and CD8+ T cells within the first 7 days, followed by declined neutrophils during days 14–30 days (Fig. 5D; 
Supplementary Table S12A). These patterns mirrored the global cohort trends. In contrast, the “probable cured” 
group showed more gradual changes (Supplementary Table S12B), while the “not cured” group exhibited 
minimal alterations – most notably, no significant changes in monocytes or B cells and only a modest NK cell 
increase between 120 and 180 days (Supplementary Table S12C). A similar pattern was observed in the Tabone_
Leicester28 cohort (Supplementary Table S10B). Patients requiring extended ATT resembled the “probable cured” 

Fig. 4.  Temporal changes in peripheral blood cell compositions during TB progression across global cohorts. 
(A) Bubble plot illustrating the compositional changes in six cell types among TB contacts at six intervals 
relative to TB diagnosis: (-inf, -540), [-540, -360), [-360, -180), [-180, -60), [-60, -21), and [-21, 0] days. 
Red bubbles indicate an increase in the cellular composition, whereas blue bubbles indicate a decrease. The 
intensity of the color reflects the degree of change, with a false discovery rate (FDR) threshold of 0.1 for 
statistical significance. The bubble size represents the absolute magnitude of the effect size. White circles 
denote comparisons with no significant differences. Forest plots highlight specific compositional changes: 
(B) monocytes in TBs contact between 360 and 180 days before diagnosis; (C) B cells and NK cells in TBs 
contact between 180 and 60 days before diagnosis; (D) monocytes, B cells, and NK cells in TBs contact 21 days 
before diagnosis. The GEO or ArrayExpress identifiers represent individual cohorts. Each circle indicates the 
standardized mean difference (effect size, ES) in cellular composition between two groups, with the circle size 
proportional to the cohort sample size. The horizontal strip of each circle denotes the 95% confidence interval 
for the ES. The diamond represents the overall difference in cellular proportions between two groups, derived 
by integrating ES values from all cohorts (Summary). The FDR value indicates the statistical significance of 
the overall cellular compositional difference across cohorts. Temporal compositions of monocytes, NK cells, 
and B cells in individual ATB progressors across six intervals before diagnosis in the (E) Zak_SA and (F) 
Suliman_GC6-74 cohorts. The gray shaded area represents the 95% confidence interval for the mean cellular 
compositions in ATB progressors.
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group, with significant shifts in most cell types occurring only after 60 days (Fig. 5D and E; Supplementary Table 
S12E). By contrast, patients on standard ATT displayed much weaker changes, limited to reduced monocytes 
and increased B cells after one year (Supplementary Table S12D). The weakest and most delayed responses 
were observed in difficult TB cases, drug-resistant TB cases, and outbreak TB strain subgroups (Fig.  5E; 
Supplementary Figure S14; Supplementary Tables S12F-12H). At the individual level, patient trajectories 
revealed notable heterogeneity in both the Thompson_SA (Supplementary Figure S15) and Tabone_Leicester 

Fig. 5.  Temporal changes in peripheral blood cell compositions during ATT across global cohorts. (A) Bubble 
plot showing compositional changes in six cell types in ATB patients across four intervals relative to ATT: 
[7, 28], (28, 60], (60, 182], and (182, 360] days. Red bubbles indicate an increase in the cellular composition, 
whereas blue bubbles indicate a decrease. The intensity of the color reflects the degree of change, with a 
false discovery rate (FDR) threshold of 0.1 for statistical significance. The bubble size represents the absolute 
magnitude of the effect size. White circles denote comparisons with no significant differences. Forest plots 
illustrate specific compositional changes in monocytes, NK cells, and B cells (B) between 7 and 28 days after 
ATT and (C) between 60 and 182 days after ATT. The GEO or ArrayExpress identifiers represent individual 
cohorts. Each circle indicates the standardized mean difference (effect size, ES) in cellular composition 
between two groups, with the circle size proportional to the cohort sample size. The horizontal strip of each 
circle denotes the 95% confidence interval for the ES. The diamond represents the overall difference in cellular 
proportions between two groups, derived by integrating ES values from all cohorts (Summary). The FDR 
value indicates the statistical significance of the overall cellular compositional difference across cohorts. (D) 
Bubble plot showing changes in six cell types across three intervals relative to ATT: (0, 7], (14, 30], and (120, 
180] days in the Thompson_SA cohort. ATB patients in this cohort were grouped by treatment outcome into 
cured, probable cured, and not cured subgroups. (E) Bubble plot showing changes in six cell types across 
seven intervals relative to ATT: (0, 7], [7, 60), (60, 120], (120, 180], (180, 240], (240, 360], and (360, inf) days 
in the Tabone_Leicester cohort. ATB patients in this cohort were categorized into five subgroups on the basis 
of clinical information related to ATT: standard ATT, extended ATT, difficult TB cases, TB drug-resistant, 
and outbreak TB strain subgroups. Bubble plots of the first three subgroups (standard ATT, extended ATT, 
and difficult TB cases) are shown. Red bubbles indicate an increase in the cellular composition, whereas blue 
bubbles indicate a decrease. The intensity of the color reflects the degree of change, with a FDR threshold of 0.1 
for statistical significance. The bubble size represents the absolute magnitude of the effect size. White circles 
denote comparisons with no significant differences.
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(Supplementary Figure S16) cohorts. While population-level trends showed consistent reversal of TB-associated 
changes, patient-specific factors clearly influenced the magnitude and timing of recovery.

Overall, these findings highlight the temporal dynamics of immune recovery during ATT. The consistent 
pattern of declining monocytes and neutrophils alongside rising NK cells, CD4+ T cells, CD8+ T cells, and B cells 
reflects a reversal of TB-induced compositional shifts and is strongly associated with treatment efficacy (Fig. 5D 
and E). However, inter-patient variability underscores the need to account for individual and cohort-specific 
factors when interpreting immune responses to therapy.

Effect of confounding factors on blood cellular changes during TB development
Understanding how TB progression alters peripheral blood cell composition is crucial for identifying biomarkers 
and disease stages. However, these changes can be influenced by extrinsic factors. To address this, we conducted 
multi-cohort meta-comparisons across subgroups defined by local TB burden, age and HIV coinfection status 
(Fig. 1E; Supplementary Notes, Sect. 4).

First, we examined whether the local TB burden influenced the compositional changes in blood cells in 
different stages of TB (Supplementary Table S3). Comparisons between high- and low-burden settings revealed 
broadly consistent cellular patterns across disease stages, but with notable subgroup-specific differences (Fig. 6A; 
Supplementary Figure S17A; Supplementary Table S13). In LTBI individuals, both subgroups showed overall 
trends similar to the global analysis (Fig. 2A), yet neutrophils did not change significantly in either subgroup, 
and NK cell reductions were observed only in low-burden cohorts. Among ATB patients, cellular changes in 
both subgroups also mirrored global patterns (Fig. 3A). However, in asymptotic LTBI NP individuals, monocytes 
increased significantly only in the low-burden cohorts (Fig. 6A; Supplementary Figure S17A). More broadly, 
monocytes, neutrophils, NK cells, and B cells differed significantly between high- and low-burden LTBI groups; 
monocytes, CD4+ T cells, CD8+ T cells, and B cells differed in ATB patients; and monocytes, CD4+ T cells, NK 
cells, and B cells differed in LTBI NP individuals. Overall, individuals in low-burden regions exhibited more 
pronounced changes across stages, likely reflecting the immunological naivete of UI individuals in these settings. 
Second, we explored the effects of age on blood cellular changes during TB progression by grouping individuals 
into age categories: adolescents, adults, and seniors (Supplementary Tables S3, S6). For LTBI individuals, the 
compositional changes in adults (Fig. 6B) were largely consistent with those observed in the global cohort analysis 
(Fig. 2A; Supplementary Figure S17B; Supplementary Table S14). However, there was a significant increase in B 
cells exclusively in the adult subgroup. In contrast, adolescents and seniors presented less pronounced changes 

Fig. 6.  Impact of confounding factors on blood cellular changes during TB development. (A) Bar plots 
displaying the compositional changes in monocytes, NK cells, and B cells between TB high- and low-burden 
countries. # indicates a significant compositional change in multi-cohort meta-analysis with an FDR < 0.1. The 
error bars represent the 95% confidence intervals of the effect size (ES) values. The statistical significance of 
compositional differences between two subgroups was assessed via two-tailed unpaired t tests with Benjamini–
Hochberg correction. The significance thresholds are denoted as follows: ns (not significant); P-value > 0.1; *: 
P-value < 0.1; **: P-value < 0.01; and ***: P-value < 0.001. (B) Bar plots illustrating the compositional changes 
in monocytes, neutrophils, and NK cells across different age groups, including adolescents, adults and seniors. 
The x-axis represents TB disease stages, and the y-axis denotes cohort-summary ESs.
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in blood cell composition, with no significant changes in most cell types, although adolescents presented a 
notable decrease in B-cell proportions at the LTBI stage (Fig. 6B; Supplementary Figure S17B). These age-related 
differences persisted across other disease stages, including ATB patients and individuals in asymptomatic disease 
states. These results suggest that adults experience more significant and consistent blood cellular changes than 
adolescents or seniors do. This may be explained by the generally immunocompromised status of adolescents 
(due to ongoing immune system development) and seniors (due to the aging immune system). Third, we also 
evaluated the impact of HIV coinfection. Because of limited sample sizes (Supplementary Tables S3, S6), results 
were largely indistinguishable from analyses of HIV-negative individuals, with overall compositional changes 
closely matching those in the global cohorts (Supplementary Figure S17; Supplementary Table S15).

Together, these analyses indicate that local TB burden and age significantly influence TB-associated shifts 
in peripheral blood cell composition, whereas HIV coinfection could not be fully assessed due to limited data. 
In general, individuals from low-burden regions and adults displayed the most pronounced cellular changes, 
while adolescents and seniors exhibited weaker responses. These findings highlight the need to account for 
demographic and epidemiological context when interpreting blood-based biomarkers of TB progression.

Discussion
In this study, we performed a comprehensive analysis of cellular compositional changes in the peripheral 
blood of individuals with diverse TB-related clinical phenotypes. Building upon a prior multi-cohort study of 
immune correlates of Mtb infection17, we reanalyzed 5,902 peripheral blood samples from 43 publicly available 
transcriptomic datasets. A key advance of our work was the reclassification of these samples using a recently 
proposed framework that captures the full spectrum of TB disease38. This approach allowed us to subdivide 
asymptotic LTBI individuals into three biologically distinct states - LTBI NP, ITB, and STB, thus refining the 
characterization of early disease heterogeneity21. Our analysis also incorporated post-treatment samples, 
enabling us to examine immune dynamics before and after ATT. By incorporating the largest number of cohorts 
and samples and systematically accounting for potential confounders such as local TB burden, age, and HIV 
coinfection, we provide, to our knowledge, the most extensive multi-cohort investigation of cellular dynamics 
in TB to date.

We found that trajectories of peripheral immune cell changes emerge early, beginning during LTBI stage. 
The earliest signal was an increase in proportion of monocytes, followed by broader alterations as individuals 
progressed toward active disease (Figs. 2 and 7). The transition to ATB was marked by widespread lymphopenia 
and expansion of myeloid lineages, changes that were reversible following successful ATT (Figs.  5 and 7). 
These findings are consistent with prior reports5,8,11,13–17,39–41 and reinforce the dynamic nature of immune 
remodeling across the TB spectrum. Specifically, circulating monocytes, particularly CD16+ subsets, expanded 
with disease progression and correlated with severity42. These nonclassical monocytes play key roles in antigen 
presentation, T-cell stimulation, and macrophage differentiation. Neutrophils also demonstrated a dual role: 
protective during early infection but pathogenic during established ATB43, where elevated proportions were 
associated with poor clinical outcomes and delayed culture conversion44,45. Conversely, lymphocyte subsets, 

Fig. 7.  The trajectories of peripheral blood cellular changes throughout TB development and treatment.
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including IFN-γ-producing CD4+ and CD8+ T cells46, B cells47, and NK cells48, declined with advancing disease, 
underscoring their importance in protective immunity46–48. Our multi-cohort design also revealed nuanced 
findings not consistently reported in smaller studies. For example, while Roy Chowdhury et al. described NK 
cell expansion in LTBI17, we observed a trend toward decreased NK proportions in this group, though not 
statistically significant (Fig. 2A). This discrepancy likely reflects heterogeneity in the proportion of incipient 
and subclinical cases within LTBI cohorts17, as well as inter-cohort variability. Indeed, while seven of fourteen 
individual cohorts showed increased or near-increased NK proportions, the aggregate analysis indicated an 
overall decline (Fig.  2B). Such results highlight the value, and the challenge, of integrating diverse datasets, 
where cohort heterogeneity both enriches generalizability and complicates interpretation.

A central contribution of our work is the delineation of immune changes at asymptomatic stages of TB 
progression. We observed no significant compositional shifts in cell proportions in limited LTBI NP cohorts 
(Figs. 3 and 7). As the disease progresses to the incipient stage, a reduction in NK cells is observed, followed by a 
decrease in B cells during the subclinical stage. These cellular alterations are pivotal, as they mark the transition 
from latent infection to active disease. The earliest cellular change in TB progression is the reduction in NK 
cells during the ITB stage, which persists until TB diagnosis. Circulating NK cells exhibit enhanced cytotoxic 
activity and interact with peripheral B and T cells under inflammatory conditions to control Mtb infection17. 
The gradual depletion of NK cells, particularly CD3− CD7+ GZMB+ NK cells, is strongly associated with TB 
progression. This pattern has been observed in a Chinese cohort14 as well as in global cohorts spanning three 
continents17, further highlighting the significance of NK cell dynamics in TB progression. In contrast, changes 
in B lymphocytes occur relatively later, during the STB stage, and are marked by a significant decrease in blood 
B cells. This decrease has also been linked to human TB in previous studies12,35,49. The timeline of these cellular 
changes is consistent with the general pattern of immune responses, as adaptive immune changes often occur 
later than innate immune responses. Moreover, this pattern of compositional changes in circulating immune 
cells is recapitulated in the temporal analysis of blood cell compositions in global longitudinal cohorts (Fig. 4). 
The earliest compositional change in TB progression is an increase in monocytes one and a half years before 
diagnosis. A decrease in B cells and an increase in neutrophils subsequently emerge between six and two months 
before diagnosis, followed by a decline in NK cells 21 days prior to TB diagnosis. Combined with the analysis 
of TB progression stages over time, timepoints more than 180 days before diagnosis approximate subclinical 
stages at the population level, while substantial inter-individual heterogeneity remains. Taken together, our 
findings provide a comprehensive view of the cellular changes that occur throughout TB development, offering 
valuable insights into the dynamic interplay between innate and adaptive immune responses and their roles in 
TB progression.

Despite these consistent trends, substantial heterogeneity was evident across cohorts and individuals (Figs. 2, 
3, 4 and 5; Supplementary Figures S5, S7-S13, S15, S16). This variability has also been noted in previous studies, 
such as differences in B-cell compositional changes across cohorts17 and varying transcriptional activities of TB 
signatures among individuals28. This heterogeneity may be attributed to the immune endotypes of TB patients, 
as TB is not a monomorphic disease50. The host response to Mtb infection involves two distinct molecular 
pathways and pathologies. Endotype A is characterized by increased expression of genes related to inflammation 
and immunity, whereas endotype B is characterized by heightened activity in metabolism and proliferation 
pathways. These two mechanisms may influence cellular compositional changes during TB progression 
differently, adding complexity to the observed heterogeneity. However, the precise correlations between these 
endotypes and the variability in cellular changes remain unclear and warrant further investigation to better 
understand the underlying mechanism driving these differences.

Cellular changes in circulating blood cells serve as valuable indicators of the disease state and patient 
prognosis. For example, Bogan et al. identified KLRD-1-expressing NK cells as potential biomarkers for influenza 
susceptibility51. In human TB, the monocyte-to-lymphocyte ratio (MLR) has been recognized as an effective 
biomarker for diagnosing TB and monitoring the efficacy of anti-TB therapy8. However, the most pressing 
challenge in TB diagnosis is the early identification of TB progressors during the asymptomatic stage52. STB 
patients, despite having no clinical symptoms, contribute significantly to Mtb transmission23. Differentiating 
ITB and STB patients from LTBI individuals and providing preventive treatment at early TB stages is the most 
effective strategy for TB prevention53. Unfortunately, many early-stage TB patients lack radiologic abnormalities 
or microbiologic evidence, complicating their identification. The blood transcriptome has been extensively 
investigated for TB diagnosis, leading to the discovery of several transcriptional signatures for early-stage TB 
detection33–36,39,54–56. For example, Zak et al. conducted a longitudinal study of healthy adolescents infected with 
Mtb in South Africa, prospectively collecting blood samples over two years and profiling their transcriptomes 
in this ACS cohort33. They identified a 16-gene signature capable of predicting individuals at risk of developing 
ATB up to 12 months preceding TB. However, a promising validation study revealed that these blood prognostic 
signatures meet WHO benchmark requirements only when they are applied 3–6 months before TB diagnosis31. 
When tested in people living with HIV prior to antiretroviral therapy, their performance did not exceed that 
of a simple C-reactive protein (CRP) test and fell short of WHO targets57. To improve their clinical utility, 
interferon-independent biomarkers need to be incorporated into these host-response signatures to increase their 
accuracy57. Our findings revealed a specific decrease in NK cells during the transition from LTBI NP to ITB, a 
change that is common across multiple global cohorts and independent of transcriptional pathway activities. This 
compositional change shows strong potential as a cellular biomarker to distinguish ATB progressors from non-
progressors at an early stage, offering a promising tool for improving TB diagnosis and prevention. Although cell 
type proportions hold promise for distinguishing stages of TB progression, the development and validation of a 
robust and specific classifier will require additional infection-related datasets and further in-depth investigation.

This study also has several limitations. First, we restricted analyses to six major blood cell types, precluding 
assessment of rarer populations implicated in TB, such as the CD3− CD7+ GZMB+ NK subsets14 or NK-like 
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CD8+ γδ T cells15. Integrating single-cell RNA-seq datasets in future work would enable higher-resolution 
deconvolution of blood mixtures26. Second, the number of cohorts and samples used in multicohort comparisons 
of certain subgroups, such as STB and ITB patients, is relatively small. This limitation arises when TB-related 
samples are further divided by age or HIV coinfection status, reducing the statistical power of subgroup analyses. 
Third, our meta-analysis was not supported by experimental validation with flow cytometry or CyTOF due to 
limited availability of such datasets. Nonetheless, the biological plausibility of the findings, consistency with 
prior studies, and observed reversibility of changes post-ATT strengthen confidence in the results. Future 
studies addressing these limitations could provide a more comprehensive understanding of TB progression and 
its associated immune dynamics.

In conclusion, our multi-cohort study maps the temporal and stage-specific evolution of immune cell 
composition across the TB spectrum. By integrating thousands of samples spanning diverse global populations, 
we identify early depletion of NK cells and later B-cell loss as hallmarks of asymptomatic progression, and we 
situate these events within a broader framework of immune remodeling. These findings not only deepen our 
understanding of TB immunopathogenesis but also highlight NK cell dynamics as a promising avenue for early 
biomarker development and targeted prevention strategies.

Data availability
The original data of all public datasets are freely accessible in the *GEO* or *ArrayExpress* databases, while the 
processed data are available in supplementary tables.
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