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Abstract

Background: Antigen-specific CD4 T cells are essential but not sufficient for 

controlling Mycobacterium tuberculosis (Mtb) infection. We characterized changes in 

Mtb-specific CD4, and CD8 and γδ T cell frequencies and phenotypes during 

tuberculosis progression.  

Methods: Mtb-infected adolescents, who remained healthy or progressed to 

tuberculosis, were followed longitudinally. Bulk and Mtb-specific T cells were profiled 

by intracellular cytokine staining and mass cytometry. Systemic inflammation was 

profiled by blood transcriptomics and proteomics. Features associated with disease 

progression or systemic inflammation were identified by mixed-effects modelling. 

Results: Among many phenotypes of bulk CD4, CD8 and γδ T cells, only CD4 T cell 

activation (HLA-DR+) increased significantly during progression. However, levels of 

systemic inflammatory biomarkers of tuberculosis were strongly associated with 

changes in many phenotypic subsets of CD4, CD8 and γδ T cells. Similarly, among 

hundreds of Mtb-specific functional and phenotypic CD4 and CD8 T cell subsets, only 

two early-differentiated CD4 subsets (IL-2+TNF+CD7+CD27+ and IFNγ+IL-

2+TNF+CD7+CD27+) significantly decreased, while Mtb-specific CD4 T cell activation 

increased during progression. These changes correlated with systemic inflammation. 

Conclusion: Our findings suggest that peripheral blood frequencies and functions of 

Mtb-specific T cell subsets do not associate with tuberculosis progression, but that 

inflammation drives marked changes in T cell activation and differentiation.
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Introduction 

The immunological mechanisms that govern control of Mycobacterium tuberculosis

(Mtb), the aetiological agent of tuberculosis (TB), the disease causing the most deaths 

globally due to a single pathogen, are incompletely understood1. Despite decades of 

research, the global TB epidemic persists, highlighting an urgent need for improved 

vaccines and therapeutic strategies. A central barrier has been the absence of 

validated immune correlates of protection or correlates of risk in humans. Protective 

immunity is thought to depend, at least in part, on an antigen-specific T cell 

response2,3. Important new insights into the role of protective T cell responses have 

emerged from recent studies in Mtb-infected non-human primates, which have profiled 

formation of granulomas, key sites of the classical host-pathogen interaction which 

can either restrict or facilitate bacterial persistence4-6.  In mice and non-human 

primates (NHPs), depletion of CD4 T cells accelerates TB pathogenesis, while 

adoptive transfer confers partial protection. Furthermore, recent studies of intravenous 

BCG vaccination in NHP highlight a pivotal role for lung-resident Th1/Th17 cells in 

mycobacterial control7,8, while also implicating cytotoxic lymphocyte functions by CD8 

T cells and NK cells as contributors to bacterial containment8. 

Characterization of protective immune responses against Mtb in humans is much more 

challenging because of limited accessibility to lung or lymphoid tissue and inability to 

measure in vivo bacterial burden. Clinical studies that aim to delineate which immune 

response attributes are associated with clinical outcome require large cohorts and 

longitudinal follow-up to measure immune responses before TB disease ensues. We 

and others have performed longitudinal clinical studies in participants with evidence of 

prior Mtb sensitization or close contact with TB, to identify immune responses that 

underlie development of disease and identify correlates of risk. Blood transcriptomic 
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profiling, plasma proteomic or cellular analyses have revealed that inflammatory 

processes, such as type I/II IFN responses, neutrophil and myeloid inflammation9-14, 

activation of the complement cascade10 and T cell activation15 are associated with 

progression to TB disease. 

However, the role of antigen-specific T cells in disease progression remains poorly 

understood. Cross-sectional studies have reported that mycobacteria-specific T cells 

from individuals with TB are more activated, and more differentiated, expressing only 

IFNγ or TNF, or IFNγ+TNF+, than those in healthy Mtb-infected persons which tend to 

also co-express IL-215-18. Expression of activation markers, HLA-DR, CD38 and Ki67 

on Mtb-specific T cells are significantly increased in TB patients as compared to Mtb-

sensitized controls, likely reflecting increased antigen recognition19. This is further 

supported by the finding of a comparison of adolescents with recent or remote Mtb

infection, which showed that recent infection is associated with elevated HLA-DR-

expressing Mtb-specific T cells20,21.   

A longitudinal study in BCG-vaccinated infants showed that frequencies or cytokine 

co-expression patterns of BCG-reactive Th1 cytokine or IL-17-expressing CD4 or CD8 

cells in peripheral blood, measured at 10 weeks of age, were not associated with risk 

of TB disease22. However, a second study of South African infants from the same 

population found a weak association between BCG-reactive IFN- secreting cells, 

measured by ELISpot assay, and reduced risk of developing TB disease15. The 

precise role of Mtb-specific T cells in clinical outcome in humans thus remains 

incompletely defined. Despite this, mycobacteria-specific T cells expressing the Th1 

cytokines, IFN, TNF and IL-2, as well as IL-17 are commonly quantified as outcomes 

of vaccine immunogenicity in preclinical studies and clinical trials of TB vaccine 

candidates.   
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Here, we interrogated the role of blood T cells in a subcohort of the adolescent cohort 

study (ACS) in South Africa10,12,14,20,21,23,24. This unique prospective study followed 

Mtb-sensitized adolescents longitudinally, collecting blood samples from those who 

progressed to TB (progressors) and matched controls who remained healthy 

(controllers). Using intracellular cytokine staining with high-dimensional mass 

cytometry, automated clustering, and integration with inflammatory markers of TB 

measured by transcriptomics and proteomics, we mapped the dynamics of bulk and 

Mtb-specific T cells over-time. We hypothesized that higher frequencies of Mtb-

specific Th1 cytokine or IL-17-expressing CD4 or CD8 cells in peripheral blood are 

associated with non-progression in Mtb-infected individuals.  We also hypothesized 

that T cell activation would steadily increase during TB progression and that unbiased 

analyses allow identification of controller-associated “protective” T cell responses.  

We developed and applied a comprehensive intracellular cytokine staining (ICS) assay 

based on cytometry by time-of-flight (CyTOF, or mass cytometry), which uses 

elemental metal isotope tags conjugated to monoclonal antibodies to quantify cellular 

protein expression and customized statistical approaches to comprehensively profile 

Mtb-specific T cell response magnitude, function and/or phenotype.  



6 

Results

Study participants and samples 

Among 67 eligible adolescents who developed microbiologically-proven, pulmonary 

tuberculosis (TB) during study follow-up, 45 were termed progressors and 22 were 

excluded from analysis because they were living with HIV, pregnant or developed TB 

within six months of initial sensitisation to Mycobacterium tuberculosis (Mtb) (Fig. 1; 

Supplementary Fig. 1; Table 1)9.  Each progressor was matched to  two participants 

who did not develop TB during the study despite evidence of Mtb sensitisation at 

enrolment. They were matched based on age, sex, ethnicity, school and prior history 

of TB (Table 1). These 107 individuals are termed controllers. 

A mass cytometry assay was performed on peripheral blood mononuclear cell (PBMC) 

samples from 37 progressors and 36 controllers, selected based on PBMC availability 

at each time point throughout the longitudinal study, yielding 148 longitudinal samples 

up to 890 days from TB diagnosis (Table 1; Fig. 1a, 1b). The gating strategy and 

representative results are in (Supplementary Fig. 2).  Whole blood RNA-seq and 

plasma protein profiling by SomaScan assay (SomaLogic) were previously 

performed10 and were available for most of these CyTOF samples (Table 1).  

Activated, non-specific CD4 T cell subsets increase during TB disease 

progression 

To characterize phenotypic features of T cells, we built a robust analysis platform, 

validated against manual gating, using FAUST25 to identify immune cell clusters (Fig. 

1b). FAUST-derived CD4, CD8, γδ T cells, B cells and NK cell frequencies correlated 

strongly with manual gating (concordance correlation ≥ 0.9) in a subset of manually-

gated samples (Supplementary Fig. 3). 
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Among unstimulated PBMCs, FAUST identified 42 CD4 T cell subsets varying in 

expression of CD161, perforin, HLA-DR, CD16, CXCR5, CD27, CCR7, CD7 and 

CD45RA (Fig. 2a). As expected, the most abundant CD4 T cell subset comprised 

naïve cells co-expressing CCR7, CD27 and CD45RA.  

Mixed-effects modelling detected two HLA-DR+ CD4 T cell phenotypic subsets that 

were significantly elevated in TB progressors, relative to controllers (progression effect 

p < 0.001, qfdr = 0.071; Fig. 2a, 2b; Table 2). These increases were observed at 

proximal (roughly within 1 year of TB diagnosis, p = 0.012), rather than distal (more 

than 1 year of TB diagnosis, p = 0.5) timepoints (Fig. 2b; Table 2). 

To understand which T cell subsets were associated with systemic inflammation 

during TB progression, we related their frequencies to a selected set of established 

markers of progression-associated inflammation: the RISK614 six-gene blood 

transcriptomic signature, plasma MMP-1 (collagenase linked to lung matrix 

destruction10 26), and complement factor 9 (C9, a complement cascade component 

and early biomarker of TB progression10). RISK6 scores, MMP-1 and C9 

concentrations were significantly higher in progressors than controllers10,12. Mixed-

effects modelling detected four CD4 T cell subsets associated with RISK6, nine 

subsets associated with C9 and six with MMP-1 (Fig. 2a; Table 3). HLA-DR+CD7+ CD4 

T cell frequencies increased with increasing MMP-1 (p      0.009, qfdr = 0.17; Fig. 2c),

consistent with MMP-1 being a marker of lung-tissue destruction26 and although a 

nominal progressor-specific association was observed (p = 0.021), this was not 

significant after correction for multiple testing (qfdr = 0.25; Fig. 2c; Table 3).

It was notable that most of these subsets were not associated with TB progression. 

For example, naïve-like CD4 T cells (CD7⁺CD27⁺CD45RA+) lacking CCR7 were not 

associated with TB progression (Fig. 2a), but their frequencies increased with C9 (p = 
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0.001, qfdr = 0.057; Fig. 2d), while CCR7+ naïve-like CD4 T cells showed no 

association with C9 (p = 0.058, qfdr = 0.31; Fig. 2e) or RISK6 (p = 0.37; Fig. 2f). 

Cytotoxic CD4 T cells (CD7+CD45RA+Perforin+) increased with RISK6 (p = 0.008, qfdr 

= 0.17; Fig. 2a, 2g). Overall, these data suggest that bulk CD4 T-cell phenotypes 

appear associated to the inflammatory milieu during TB progression, with activated 

cells being the only subsets that clearly increase with time to diagnosis. 

Non-specific CD8 and γδ T cells reflect systemic inflammation in TB 

progression 

Among CD8 T cells FAUST identified 28 T cell phenotypic subsets in unstimulated 

PBMCs (Fig. 3a) based on variability in expression of the same markers as the CD4 

phenotypes, except for CXCR5, which was not expressed by CD8 T cells. The naïve-

like subset (CD45RA⁺CD27⁺CCR7⁺) was again the most abundant CD8 T cell subset 

(Fig. 3a). 

None of these CD8 phenotypic subsets were significantly associated with TB 

progression (Fig. 3a), but as for CD4 T cells, many were associated with inflammatory 

markers: six CD8 phenotypic subsets were associated with RISK6, seven with C9 and 

four with MMP-1. 

In contrast to CD4 T cells, many of these were inversely associated with inflammation. 

For example, CD7+ and CD7+CD27+CCR7+ (naïve) CD8 T cell subsets declined with 

increasing C9 (qfdr = 0.04 and qfdr = 0.01, Fig. 3b and Fig. 3e, respectively) MMP1 

(Fig.3c, f) or RISK6 (Fig. 3d) in progressors. Conversely, cytotoxic CD8 T cells (e.g. 

CD7+CD45RA+Perforin+), which are typically highly differentiated, increased with 

RISK6 (p = 0.006, qfdr = 0.15; Fig. 3a, g) in progressors (p = 0.021, qfdr = 0.25; Fig. 

3g). 
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Among γδ T cells FAUST also identified 24 cell subsets expressing CD4 and/or CD8, 

with relative frequencies consistent with previous reports27 (Fig. 4a). Perforin-

expressing CD7+CD16+ CD45RA+ γδ T cells, comprising more than five percent of γδ 

T cells, were associated with progression (p = 0.001, qfdr = 0.071; Fig. 4a, b), 

increasing in frequency at timepoints most proximal to diagnosis (p < 0.001; Fig. 4b). 

Six phenotypes were linked to inflammatory markers but not directly to progression. A 

representative example is the CD7+CD27+CCR7+CD45RA+ γδ T cell subset; 

frequencies of this subset associated with C9 and RISK6 (p = 0.23, qfdr = 0.56; Fig. 4c 

and p = 0.018, qfdr = 0.19; Fig. 4d). 

Overall, these findings suggest that bulk CD8 and γδ T-cell phenotypes largely reflect 

systemic inflammation and inflammation signatures during TB progression, with 

clearer progression-dependent effects than CD4 T-cells.

Mtb-specific Th1/Th17 CD4 T cell responses do not correlate with progression 

to TB disease 

Most cells among the bulk CD4, CD8 and γδ T cell analyses in unstimulated PBMC 

are not Mtb-specific; therefore stronger associations between phenotypic subsets and 

TB-associated inflammation can be expected. To explore associations between 

progression and Mtb antigen-specific T cell responses,  we characterised Mtb-specific 

CD4, CD8 and  T cell T cells that respond to antigen stimulation (Fig. 1). PBMC 

samples were stimulated with live Mtb, or one of two peptide pools comprising 

secreted or non-secreted Mtb antigens (Supplementary Excel Table). An EBV/CMV 

peptide pool served as a non-Mtb control. Identification of T cell expression of IFNγ, 

TNF, IL-2, IL-17, IL-22 and/or IL-6 was determined with a novel automated cytokine-

gating algorithm, StimGate (Supplementary Fig. 4; see “Methods” for details). Strong 
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correlations between cytokine-expressing cell subset frequencies obtained from 

StimGate and manual gating were observed for CD4 T cells expressing IFNγ, IL-2, 

TNF, IL-22 and IL-6, for CD8 T cells expressing IFN and TNF,  T cells expressing 

IFN and NK cells expressing IFN and in some cases TNF and IL-2 (Supplementary 

Fig. 4; see “Methods” for details). 

Antigen-specific CD4 T cells co-expressing combinations of IFNγ, IL-2 and TNF 

predominated the response to live Mtb and secreted Mtb proteins, whereas IFNγ-only 

cells characterised the response to EBV/CMV (Fig. 5a, Supplementary Fig. 5a and 6). 

A negligible response was induced by non-secreted Mtb proteins in most participants 

(Fig. 5a), and IL-6, IL-17 and IL-22 responses were generally not detected 

(Supplementary Fig. 5a and 6).  

To address our primary hypothesis, we assessed whether Mtb-specific CD4 T cells 

expressing Th1/Th17 cytokines, defined as any co-expression of IFNγ, IL-2, TNF or 

IL-17, were associated with progression. No significant progression effect was 

detected for frequencies of Th1/Th17 cytokine expressing CD4 T cell responses to 

secreted Mtb proteins (p = 0.31; Fig. 5e), live Mtb (p = 0.47; Fig. 5f), or EBV/CMV (p 

= 0.074; Fig. 5g). 

However, Mtb-specific CD4 T cell activation, quantified as the difference in median 

HLA-DR expression between cytokine-positive and cytokine-negative cells28, was 

strongly associated with progression, with activated Mtb-specific CD4 T cells elevated 

in progressors (qfdr < 0.001; Fig. 5h); we could not discern a major association between 

distal or proximal effects for this outcome. EBV/CMV-specific CD4 T cells while scarce 

(EBV-CMV T-cell responses were predominantly CD8-mediated), showed no 

significant progression-associated activation (p = 0.19; Fig. 5i), consistent with 

antigen-driven activation unique to Mtb exposure during progression. Interestingly, 
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Mtb-specific CD4 T cell activation showed little evidence of association with RISK6 (p 

= 0.11, qfwr = 0.64 ; Fig. 5j). 

To further characterise sub-phenotypes of Mtb-specific CD4 T cells, we combined 

StimGate cytokine gating with FAUST phenotypes and filtering for stimulation-specific 

responses, which yielded five antigen-specific CD4 subsets (Fig. 1). 

Among these, an early-differentiated CD7+CD27+ CD4 subset co-expressing IL-2 and 

TNF in response to secreted Mtb proteins was significantly associated with TB 

progression (p = 0.001, qfwer = 0.01; Fig. 5k), decreasing with time to TB disease 

(proximal p = 0.001; Fig. 5k). A similar pattern was observed for  CD7+CD27+ subsets 

that co-expressed IFN𝛾, IL-2 and TNF in response to live Mtb; however, this difference 

was not significant after family-wise correction (p = 0.047; qfwer = 0.42; Fig. 5i). By 

contrast, most subsets remained unchanged during progression, as exemplified by the 

more-differentiated CD7+ subset expressing IFNγ only in response to live Mtb (p = 0.7; 

Fig. 5m).  

We also characterised sub-phenotypes of Mtb-specific CD4 T cells using an 

orthogonal approach based on FlowSOM clustering of cytokine-expressing CD4 T 

cells, which recapitulated these results, underscoring their robustness (Supplementary 

Fig. 7). Thus, activation of Mtb-specific CD4 T cells, rather than overall cytokine 

response magnitude, tracks progression to TB disease, and a decline in relative 

frequencies of circulating early-differentiated IL-2⁺TNF⁺ CD4 T cells may mark 

advancing disease. 
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Peripheral Mtb-specific CD8 and TCR γδ T cells are somewhat modulated 

during progression and systemic inflammation.  

We next examined Mtb-specific CD8 and γδ T cells using the same analytical 

approach applied to CD4 T cells. Frequencies of cytokine-expressing CD8 responses 

to Mtb were low, whether detected after stimulation with live Mtb or peptides from 

secreted Mtb proteins (Fig. 6a, b), whereas stimulation with the EBV/CMV peptide pool 

elicited robust CD8 T cell responses dominated by single-IFN-γ-producing cells, 

confirming that the assay reliably captured CD8 T cell functionality (Fig. 6c; 

Supplementary Fig. 5b). By contrast, γδ T cells responded strongly only to live Mtb, 

predominantly expressing IFNγ and/or TNF (Fig. 6d; Supplementary Fig. 5c). 

No significant effect of TB progression was detected for frequencies of cytokine+ Mtb- 

or EBV-specific CD8 T cells (p = 0.75 and p = 0.51; Fig. 6e, f respectively). However, 

one EBV/CMV specific- IFN𝛾+CD7⁺CD27⁺ CD8 T-cell subset (negative for the other 7 

phenotyping markers, including CCR7 and CD45RA) was lower in progressors than 

controllers (p = 0.007, qfwer = 0.052; Fig. 6g). 

No effect of TB progression was observed for frequencies of cytokine+ γδ T cells 

responding to live Mtb (Fig. 6h), either at the lineage or phenotypic level. By contrast, 

Th1+ γδ T cells were significantly associated with levels of MMP-1 (qfwer = 0.005; Fig. 

6i) and decreased in progressors (qfwer = 0.002; Fig. 6i). An IFNγ+ CD7+CD161+ γδ 

phenotype showed a similar trend but was not significant when family-wise correction 

was applied (p = 0.006; qfwer = 0.15; Fig. 6j). Bulk γδ T cells expressing 

CD8+CD7+CD27+CCR7+CD45RA+ had a similar nominal association with RISK6 

scores, which was not significant after application of family-wise correction (p = 0.018, 

qfdr = 0.19; Fig. 4b). 
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In summary, neither total Mtb-specific CD8 nor γδ responses demonstrated a strong 

association with time to TB diagnosis. However, EBV/CMV-specific CD8 responses 

were the only robust CD8 responses observed, and an IFNγ+ subset was consistently 

lower in progressors. In addition, Mtb-specific γδ T cells appeared to respond to 

inflammation in a progression-dependent manner.  
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Discussion

Progression to TB reflects a dynamic interplay between pathogen burden, tissue 

pathology, systemic inflammation, and host immune response, including T cell 

populations. In this longitudinal cohort of Mtb-sensitized adolescents who either 

remained TB-free or progressed to TB, we comprehensively characterised peripheral 

CD4, CD8 and γδ T cell responses using a 45-marker mass cytometry ICS assay. We 

applied FAUST-based phenotyping and developed StimGate, a new cytokine-gating 

algorithm, to define bulk and antigen-specific phenotypic subsets. Using longitudinal 

mixed-effects modelling we identified response measurements associated with 

disease progression or with transcriptomic and proteomic markers of systemic 

inflammation.  

The primary finding was that the magnitude of canonical Mtb-specific CD4 T cell 

subsets expressing Th1/Th17 cytokines is not associated with progression to TB. 

Among many phenotypic CD4 T cell subsets interrogated only two categories were 

associated with progression: First, activated, HLA-DR-positive Mtb-specific CD4 T 

cells increased during progression, while second, early differentiated, IL-2+TNF+ CD4 

T cells subsets (IL-2+TNF+CD7+CD27+ and IFNγ+IL-2+TNF+CD7+CD27+) decreased 

during progression.  

These results provide several important conceptual insights. Firstly, the lack of 

association between circulating Th1/Th17 cell frequencies and disease outcome is 

consistent with results of another study performed in the ACS cohort which showed 

that frequencies of Mtb-specific activation-induced marker-positive (AIM-positive, 

CD69+ and CD154+ or CD137+) T cells were not different between TB progressors 

and controllers. Similarly, frequencies of BCG-reactive Th1 cytokine or IL-17-

expressing CD4 or CD8 cells in peripheral blood, measured at 10 weeks of age in 
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BCG-vaccinated infants, were not associated with risk of TB disease22. Together, 

these data suggest that the magnitude of T cell responses in peripheral blood do not 

correlate with protective immunity against TB.  It is uncertain whether this result is 

representative of Th1/Th17 responses in tissue locations relevant to host-pathogen 

interactions in TB, namely lung and draining lymph nodes29. In multiple non-human 

primate experiments, immune response features most strongly associated with 

bacterial control largely localized to tissue compartments, including the 

bronchoalveolar space (sampled by bronchoalveolar lavage), lung parenchyma, 

airway mucosa, and lung-draining lymphoid tissues rather than circulation7,30-33. 

Tissue-resident T cells or granuloma-resident Mtb-specific T cells in lungs exhibit 

transcriptional programs, TCR-stimulation signatures, spatial positioning, and 

functional profiles that are not faithfully reflected in circulating blood34-36, illustrating 

that functional attributes most relevant to bacterial control are likely restricted to 

infected or diseased tissue.  

Despite this, we recently identified significant associations between frequencies of Mtb 

epitope-specific CD4 T cell clonotypes in peripheral blood and risk of TB progression37. 

Importantly, depending on the Mtb epitope or antigen these T cell clones recognised, 

some clonotypes were significantly enriched in progressors, while others were 

significantly enriched in controllers. In line with this, Moguche et al. demonstrated that 

differential abundance of Ag85B and ESAT-6 produced during early or chronic Mtb 

infection drives distinct functional and protective T cell programs38. Furthermore, 

Stetsenko et. al. found that not all Mtb-specific T cell clones identified in Mtb-infected 

individuals can recognize Mtb-infected macrophages in vitro, and those that 

recognized Mtb-infected cells expressed a different set of effector genes to those  

expressed by T cells specific for viral antigens39.  These studies suggest that the 
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antigen targeted by Mtb-specific T cell responses may be a critical determinant of 

protective vs pathogenic vs impotent T cell responses, a detail that cannot be resolved 

when T cell responses are characterised with a complex antigen stimulation such as 

Mtb lysate, whole organism or peptide pools. We therefore cannot rule out that a more 

antigen-resolved analysis may have revealed progression or controller-associated T 

cell features in our study. 

Interestingly, in the study by Stetsenko et. al. all T cell clones that recognised Mtb-

infected macrophages and for which the cognate antigen was identified were specific 

for secreted Mtb antigens that are substrates for the type VII secretion system 

(T7SS)39. A recent immunopeptidomics study also found that T7SS substrate proteins 

were highly enriched among antigens presented via MHC class II on Mtb-infected 

human antigen presenting cells40. An older, genome-wide T cell epitope screening 

study in Mtb-infected individuals reported that T cell responses occurred in three 

antigenic islands that primarily comprise proteins secreted via the T7SS or proteins 

that form the T7SS apparatus41. Our finding that Mtb-specific T cell responses were 

readily observed after stimulation with a peptide pool comprising secreted antigens, 

but only very low or no responses detected after stimulation with a smaller non-

secreted peptide pool, supports that secreted proteins represent the most 

immunogenic Mtb antigens.     

Another major finding was that activated T cells, defined as HLA-DR+, rather than 

shifts in cytokine co-expression patterns, were the most reliable distinguishing 

immunological feature between progressors and controllers. While previous 

longitudinal studies of immune responses during TB progression have described 

marked changes in inflammatory and disease-associated immune 
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outcomes10,11,13,15,16,42, which were largely restricted to innate markers or inflammation 

mediators, we show that activated HLA-DR⁺ Mtb-specific CD4 T cells increased 

progressively as progressors approached diagnosis, whereas early-differentiated IL-

2⁺TNF⁺ CD4 T cells declined. Previous studies have shown that HLA-DR-expression 

on Mtb-specific CD4 T cells is a marker of short-lived effector T cells, while longer-

lived memory CD4 T cells are typically HLA-DR-negative43,44, and suggest that the 

highly activated phenotype of Mtb-specific CD4 T cells is indicative of current or very 

recent antigen exposure. The finding that HLA-DR expression on CMV/EBV-specific 

T cells was not associated with progression strengthens our conclusion that these 

effects are Mtb-specific, rather than a secondary response to non-specific TB 

inflammation. Similar HLA-DR+ expression on  Mtb-specific CD4 T cells activation 

phenotypes have been reported in individuals with recent Mtb infection defined by 

IGRA conversion, reinforcing the interpretation that HLA-DR upregulation marks 

ongoing or recent antigen encounter in vivo20,21. 

These results are consistent with multiple reports of significantly increased T cell 

activation19,45 and decreased Mtb-specific CD4 T cells with early differentiation 

phenotypes and functional profiles in TB patients, compared to healthy, Mtb-

sensitized individuals16,17,46. Interestingly, protein-subunit vaccine-induced IL-2+TNF+

CD4 T cells were associated with protection against Mtb challenge in murine 

models38,47, supporting the hypothesis that maintenance of such early differentiated 

CD4 T cell phenotypes may mediate immune control even in Mtb-infected humans. 

The parallel loss of early-differentiated CD4 T cells, previously associated with 

vaccine-induced protection in animal models, suggests that persistent antigen 

exposure drives their differentiation toward more terminally differentiated, less 

proliferative states, or that these cells are preferentially sequestered from the 
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periphery. Notably, these differentiation changes were also not observed in 

EBV/CMV-specific T cells, again suggesting that they are Mtb-specific and antigen-

dependent and not a generalized feature associated with TB inflammation.  

A third major finding is that systemic inflammation, ascertained through levels of 

RISK6, C9, and MMP-1, blood biomarkers that represent different aspects of TB-

associated immuno-physiology10,14,48, is strongly associated with changes in T-cell 

phenotypes across bulk CD4, CD8, and γδ lineages. For instance, HLA-DR expression 

on bulk CD4 T cells significantly increased during TB progression, a result that is 

consistent with our previous report of increased activation of bulk CD4 T cells in infants 

associated with subsequent TB disease risk 15. In our current study strong associations 

were also detected between T cell differentiation states and inflammatory markers. 

Changes in 16 of 42 CD4 phenotypic subsets such as CD7+HLA-DR+ and naïve-like 

CD7+CD27+CD45RA+ CD4 T cells, 12 of 28 CD8 phenotypic subsets including 

CD7+CD45RA+Perforin+ CD8 T cells and 6 of 25 γδ phenotypic subsets such as 

CD8+CD7+CD27+CCR7+CD45RA+ γδ T cells were associated with levels of at least 

one of these three inflammatory biomarkers, but only in progressors. By contrast, few 

were significantly associated with time to TB diagnosis, suggesting that inflammatory 

processes associated with advancing TB disease are associated with marked shifts in 

T-cell composition and phenotype. This finding fits with described responsiveness of 

T cell populations to stimulation with inflammatory cytokines49. The finding that these 

inflammatory effects, rather than antigen specificity, explains much of the variation in 

bulk T-cell phenotypes highlights a critical challenge for blood-based correlates 

studies: distinguishing antigen-driven changes from inflammation-driven changes is 

inherently difficult. This reinforces why cross-sectional comparisons between TB 

patients and Mtb-sensitized controls may yield misleading results, since systemic 
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inflammation itself can reshape the T-cell compartment independently of protective or 

pathogenic mechanisms. 

Our study has several limitations. First, it relies exclusively on peripheral blood, 

whereas Mtb infection and disease are typically localized to lung and lymph node 

tissues. Protective or pathogenic responses occurring within these tissues are 

therefore not captured. Second, the timing of Mtb infection or reinfection and onset of 

disease progression, was unknown for most adolescents, limiting our ability to study 

the earliest immunological events that precede sensitization or systemic inflammation. 

Third, although this is the largest progressor cohort studied with high-dimensional 

cytometry to date, the sample size remains modest for detecting rare antigen-specific 

subsets. Fourth, analyses of low-frequency cell populations are inherently sensitive to 

technical variability, although we mitigated this through rigorous algorithmic gating 

(FAUST, StimGate). Finally, many progressor samples were collected more than a 

year prior to TB diagnosis and several studies suggest that immunological effects of 

TB progression only become robustly detectable in peripheral blood within 12-9 

months of TB diagnosis13,50-52; immune alterations during very early progression may 

therefore be underestimated. Finally, we assessed T cell responses using complex 

antigen preparations (live Mtb or large peptide pools), which capture aggregated Mtb-

specific responses across many antigens and may have missed progression-

associated T cell responses that recognise individual antigens.  

A key strength of this study lies in the use of complementary, automated analytical 

approaches that enabled an unbiased and sensitive characterization of the cellular 

immune landscape. By combining mixed-effects modelling with rigorous robustness 

checks, we were able to assess longitudinal changes associated with time to TB 
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diagnosis and TB-related inflammation while accounting for repeated sampling and 

potential confounding. The development of a novel cytokine-gating algorithm, together 

with FAUST-based phenotyping enabled detection of rare Mtb-specific CD4 T cell 

subsets with declining frequencies as individuals approached disease. Finally, 

integration of these cellular readouts with blood transcriptomic and plasma proteomic 

data provided a systems-level view of antigen-specific immunity within the context of 

inflammatory sequelae during TB progression. Our insights, together with emerging 

tissue-focused studies, support a shift toward integrated, tissue-based, multimodal 

immunology to uncover the true correlates of protection and to guide next-generation 

TB vaccine and host-directed therapy development. 
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Methods 

Study population 

The Adolescent Cohort Study, including selection of progressors and controllers (or 

non-progressors), was previously described9 (Supplementary Fig. 1).  Briefly, 6,363 

adolescents attending high schools in the Worcester region of the Western Cape, 

South Africa, were enrolled and followed for twenty-four months. Among those with 

evidence of Mycobacterium tuberculosis (Mtb) infection, either by a positive tuberculin 

skin test (TST) or QuantiFERON TB-Gold In-Tube assay (Qiagen) (QFT), progressors 

developed microbiologically confirmed (positive by sputum smear microscopy and/or 

MGIT liquid culture), intrathoracic disease during two years of follow-up9,10. Controllers 

also had evidence of Mtb infection, but did not develop tuberculosis (TB) disease 

during follow-up, and were matched to progressors for age, sex, ethnicity, school of 

attendance and prior history of TB disease (Table 1). Participants were excluded from 

the progressor group if they developed TB within six months of enrolment (or the first 

TST or IGRA-positive sample) to exclude early asymptomatic disease that could have 

been present at the time of assessment, or if they were HIV-infected. 44 and 106 

participants met the criteria for progressor and controller, respectively (Table 1). 

Longitudinally collected PBMC samples were available from most participants at six-

monthly intervals (Fig. 1a). For each assay (CyTOF, SOMAScan, and RNA-seq 

[RISK6]), all available progressor samples were included. For SOMAScan and RNA-

seq analyses, two matched controller samples were selected per progressor, whereas 

for CyTOF, one matched controller sample per participant was used due to cost, 

processing time, and limited remaining PBMC availability (Table 1). The final numbers 

of participants and samples per assay reflect both the initial selection and subsequent 
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exclusion of any samples that were not processed because of assay or quality-control 

failure (Table 1). 

The Human Research Ethics Committee of the University of Cape Town approved the 

study (045/2005), and all participants provided written informed assent, while parents 

or legal guardians provided written, informed consent. All research was performed in 

accordance with relevant guidelines/regulations. 

PBMC ICS assay 

Frozen PBMCs samples were thawed, rested at 37 °C, and either left unstimulated or 

stimulated in the presence of anti-CD28 (BD, Cat #340975) and anti-CD49 (BD, Cat 

#340976) with peptide pools (comprising 87 peptides at 1 μg mL-1 each, that 

represented secreted, immunodominant mycobacterial proteins, or 24 peptides at 

1 μg mL-1 each that represented non-secreted proteins (Supplementary Table 1), or 

immunodominant EBV and CMV peptides at 1 μg mL-1 each) or live Mtb (M. 

tuberculosis triple-auxotroph strain derived from H37Rv, through deletion of leucine, 

pantothenate and arginine synthesis pathways (kindly donated by Bill Jacobs, Albert 

Einstein University and propagated by Digby Warner, UCT)) for 5 hours at 37 °C. 

Brefeldin A (Golgi Plug, BD Cat# 555029, at 10 μg mL-1) was added and cells were 

stimulated for an 7 additional hours at 37 °C.  

Experimental procedure for mass cytometry 

Sample selection 

37 progressors and 37 matched controllers were selected for processing by mass 

cytometry, which together had 154 samples across all timepoints. 
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Panel and experimental design. 

We designed a mass cytometry panel to detect all major known leukocyte subsets 

present in normal human peripheral blood (Supplementary Table 2) with a particular 

focus on T cell subsets. The panel was optimized with respect to i) the choice and 

combination of markers in the panel, ii) the pairing of metal isotope with a particular 

antibody, considering the target antigen abundance, iii) the availability and 

performance of commercial conjugates and in-house conjugated antibodies and 

related costs, and iv) minimizing consequences of spill-over. 

To reduce technical variation, we barcoded and then pooled 5 stimulation tubes for 

each of 2 participant samples (total of 10 sub-samples) using a combination of 5 

distinct metal-conjugated anti-CD45 antibodies (In113, In115, Pd108, Pt198, Bi209) 

such that each sub-sample is stained with two conjugates (Supplementary Table 3). 

We aimed to achieve the best signal definition without saturation of highly sensitive 

channels, which we kept for rare markers. Iridium191/193 were used for DNA staining 

and the Rh103 DNA intercalator for live-dead staining. The antibody panel was 

designed and optimized through sequential steps and once finalized, samples from a 

cohort of 25 healthy, Mtb-sensitized donors and 25 TB patients were stained to confirm 

successful panel performance (data not shown). 

Antibody labelling

In-house labelling of antibodies was performed using the MAXPAR labelling kit 

according to the manufacturer’s instructions (Fluidigm), using X8 polymers. 

Concentrations of unlabelled antibodies prior to conjugation and of conjugates were 

determined at an optical density of 280 nm and in a 3 µL cuvette using the Nanodrop 
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photometer. 100-200 µg antibodies were used per conjugation reaction. After 

quantification of antibody conjugates, stocks were diluted in PBS-based Ab stabilizer 

(Candor Bioscience, Wangen, Germany) to adjust concentrations to 0.25 or 

0.5 mg mL-1. 

Staining procedure 

Stimulated PBMC were washed with 1 mL of PBS (Rockland; made in MilliQ water) 

with 2% EDTA per tube and incubated at room temperature for 10 minutes. After a 

1 mL wash in PBS, cells washed again twice with Cell Staining Buffer (CSM, Fluidigm), 

before performing CD45 cell surface barcoding (Supplementary Table 3) staining for 

30 minutes at room temperature (see Supplementary Table 2a). After washing in PBS, 

the 10 barcoded sub-samples were pooled, and washed again in PBS. Live-dead 

staining was then performed using Rh103 intercalator following the manufacturers’ 

instructions (Fluidigm) for 30 minutes at room temperature. Cells were washed twice 

with CSM were performed. The extracellular antibody cocktail (Supplementary Table 

2b) was filtered through a 0.1 μm filter column and cells stained for 45 minutes at 4 °C, 

washed twice with CSM and fixed with CytoPERM/CytoFIX (BD) for 20 minutes at 

room temperature. Centrifugation of fixed cells was at 2,000 rpm for 10 minutes at 

4 °C for all steps. Cells were washed twice with Perm/Wash Buffer (BD, 1/10 dilution 

in de-ionized water). The intracellular antibody cocktail (Supplementary Table 2c) was 

prepared and filtered before cells were stained for 45 minutes at 4 °C. Cells were 

washed twice with Perm/Wash buffer. Cells were incubated overnight in 1 mL of 

iridium intercalator (Fluidigm) diluted 1/100 in Fix/Perm buffer (Fluidigm) at 4 °C.  

Sample preparation for acquisition 
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Following over-night incubation with iridium, cells were washed 3 times with de-ionized 

water and were kept pelleted at 4 °C until acquisition. At the time of acquisition cells 

were resuspended in a volume (calculated based on the cell number) of 1/10 dilution 

EQ(TM) Four Element beads solution in de-ionized water.  

Data acquisition  

Data acquisition was performed using Fluidigm CyTOF® Software v6.7.  A template 

was set up with all parameters included in the experiment including channels 

containing potential environmental contaminants (i.e. Iodin, Barium) to monitor 

parameters which could impact the instrument performance. Samples were loaded 

and Flow Cytometry Standard (FCS) files were collected. Acquisition was monitored 

by assessing the rainplot to ensure a constant sample delivery and identify any 

potential cell clumps. 

Quality control and pre-processing 

Mass cytometry FCS files were exported using default settings (arcsinh 

transformation) and analysed using FlowJo (version 10) (BD Biosciences) or R version 

4.2.353. 

Three batches corresponding to six participant-timepoint combinations with five 

stimulations each were removed because CD3 expression was unimodal. This 

reduced the number of samples from 154 to 148 and excluded all samples from one 

controller (leaving 36 controllers). 

During a mass cytometry run, signal intensity typically decreases over time. This time 

effect was adjusted for using a method based on reference beads54. Bead data was 

removed from cell data using an automated approach implemented by the CATALYST

R package55.  Deconvolution of the barcoded sub-samples in each batch was 
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performed automatically56, whilst live cells and singlets were manually identified using 

rhodium and iridium expression levels, respectively. Despite initial normalisation, 

several samples still exhibited within-run time effects; segments with such time effects 

were removed using Flowcut57. Cell doublets and residual beads persisted in several 

samples, and were manually removed based on their distinctive isotope label levels. 

Gating phenotypes 

The FAUST algorithm25 clusters cells using marker modality, and was used as it is 

robust to batch effects, correctly identifies the number of clusters under non-normality 

and labels clusters semantically. FAUST identified 301 phenotypic clusters based on 

16 multimodal markers. To validate FAUST’s accuracy, frequencies of 8 cell lineages 

were compared between FAUST (population definitions in Supplementary Table 4) 

and expert manual gating (gating strategy in Supplementary Fig. 2). The comparison 

was performed on 60 samples from 12 participants spanning progression status and 

visit type, across five stimulation conditions (Fig. 1a). Pearson correlations between 

FAUST and manual frequencies exceeded 0.9 for all lineages except NKT-like cells (r 

= 0.07), which were excluded (Supplementary Fig. 3).  As Vα7.2 was unimodal, 

FAUST could not identify MAIT cells. This paper focuses on T cells; FAUST identified 

42, 28 and 24 CD4, CD8 and γδ T cell clusters, respectively. 

Gating cytokine-positive cells 

Description of algorithm

Identifying cytokine-positive cells is challenging because of their rarity. They typically 

do not form distinct modes or separate well from cytokine-negative cells in marker 

distributions.  To overcome this limitation, we developed a novel algorithm, StimGate, 

sensitive and robust to batch effects, to identify low-frequency cytokine-expressing 

cells. 
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For each stimulated sample and its matched unstimulated sample, the density of the 

cytokine expression was calculated. The per-cell probabilities were summed to obtain 

a background-subtracted count of cytokine-expressing cells. A classification threshold 

was then derived to produce this background-corrected total. When multiple cytokines 

were measured for a given cell lineage (e.g. CD4 T cells), the classification threshold 

for each cytokine was adaptively adjusted. Specifically, for cells already positive for 

any other cytokine, the threshold for an additional cytokine was lowered to the nearest 

anti-mode of its expression density, thereby making the criterion more permissive. 

Within-study validation  

To validate StimGate’s accuracy, background-subtracted frequencies between 

StimGate and expert manual gating across 6 cytokines and 5 cell lineages were 

compared using the same 60 samples as FAUST’s validation. Pearson correlations 

typically exceeded 0.9 (Supplementary Fig. 4b). Weaker correlations were observed 

for cytokine-lineage combinations with especially low background-subtracted 

frequencies likely indicative of no genuine response to stimulation (Supplementary 

Figs. 4a, 6), such as CD4 T cells expressing IL-22 in response to live Mtb stimulation. 

Statistics 

Time to TB model 

Model formulation 

Ignoring explicit participant and sample indices for clarity, responses ܻ for a given 

covariate pattern ܺ were modelled as ܻ ∼ ,([ܺ|ܻ]ݎܸܽ,ߤ)ܦ (1)

for some distribution ܦ with mean ߤ =  The mean was linked to covariates .[ܺ|ܻ]ܧ

through a monotonic link function ݃: 
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(ߤ)݃ = 1ߚ + 2ߚ2ܺ + 3ߚ3ܺ + 4ߚ4ܺ + ݂[ௗ,௕1,௕2,ఉ51 ,ఉ52 ,�,ఉ5೏](ܺ5) + .ݒ (2)

Here: 

 ;is the intercept 1ߚ

 ;is the effect of male sex 2ߚ

 ;represents the effect of each additional (scaled) day since study entry 3ߚ

  is effect of the indicator variable for progressor status, modelling the distal 4ߚ

effect of time to TB;

 [݂ௗ,௕1,௕2](ܺ5; ,5,1ߚ … ,  ௗ) is a natural cubic spline with ݀ degrees of freedom and,5ߚ

boundary knots ܾ1, ܾ2, modelling the proximal effect of time to TB ܺ5; and

  .is a participant-specific random effect ݒ

For a progressor sample taken collected within 630 days from TB diagnosis, we define ܺ5 = 630 − ,ݔ (3)

where ݔ is the number of days to TB diagnosis. Thus ܺ5 = 0 when ݔ = 630 (far from 

diagnosis), ܺ5 = 630 when ݔ = 0 (at diagnosis), and ܺ5 = 380  when ݔ = 250
(intermediate timepoint). In words, ܺ5 measures the elapsed time since the fixed 

reference point 630 days before diagnosis; larger values indicate closer proximity to 

disease. 

For such progressor samples, the spline term [݂⋅](ܺ5;⋅) contributes to ݃(ߤ) and 

therefore captures changes in the immune response as diagnosis approaches. For 

progressor samples collected more than 630 days before diagnosis, and for all 

controller samples, we set ܺ5 = 0. In that reference state the indicator term 0) 4ߚ for 

controllers, 1 for progressors) captures any baseline difference between controllers 

and progressors at or more than 630 days before TB diagnosis. 
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We selected a 630-day threshold to balance biological plausibility with sample 

availability. This cut-off captures a meaningful number of progressor samples more 

than 630 days before TB diagnosis, and assumes that immune responses remain 

largely stable before the 630-day period preceding TB diagnosis.  

The proximal effect was modelled nonlinearly because the relationship between time 

to diagnosis and immune response was not assumed a priori. Throughout, natural 

cubic splines were used, with internal knots at 480 and 330 days from TB diagnosis 

and boundary knots at 600 and 180 days.  

A mixed-effects framework accounted for repeated, irregularly spaced samples using 

the R package glmmTMB58. Sex and days since study entry were included as 

covariates to adjust for confounding, as immune responses often differ by sex and 

may be modulated by increasing exposure to Mtb. 

Confidence intervals were obtained with emmeans59 as Wald intervals on the linear 

predictor, marginalising over random effects and back-transforming to the response 

scale. 

Testing 

Equation (2) decomposes TB progression into a distal component, 4ߚ, and a 

proximal component, [݂⋅](ܺ5;⋅), represented by the spline coefficients 5,1ߚ, … , ௗ,5ߚ
(Table 2). A progression effect was defined as at least one of these components 

being non-zero. The primary hypothesis tested for a progression effect (Table 2); to 

aid interpretation the distal and proximal components were also tested separately 

(Table 2). 

All tests were performed using two-sided likelihood ratio tests with degrees of freedom 

equal to the number of coefficients tested. Multiple-testing error rates were controlled 

using either the Bonferroni method60 (family-wise error rate) or the Benjamini-



30 

Hochberg method61 (false discovery rate). The choice depended on the number of 

hypotheses jointly tested, with Bonferroni used for ten or fewer and Benjamini-

Hochberg otherwise. 

Inflammation markers 

Model formulation 

Ignoring explicit participant and sample indices for clarity, responses ܻ for a given 

covariate pattern ܺ were modelled as ܻ ∼ ,ߤ)ܦ Var[ܻ ∣ ܺ]), (4)

for some distribution ܦ with mean ߤ = E[ܻ ∣ ܺ]. The mean was linked to covariates 

through a monotonic link function ݃: ݃(ߤ) = 1ߚ + 2ߚ2ܺ + 3ߚ3ܺ + 4ߚ4ܺ + [݂ௗ,௕1,௕2](ܺ5;5,1ߚ, � (ௗ,5ߚ,

+ ܺ4 × [݂ௗ,௕1,௕2](ܺ5;6,1ߚ, � (ௗ,6ߚ, + .ݒ

(4)

Here: 

  ;is the intercept 1ߚ

  ;is the effect of male sex 2ߚ

  ;is the effect of each additional day since study entry 3ߚ

  is effect of the indicator variable for progressor status, modelling a constant 4ߚ

difference between controllers and progressors regardless of the inflammatory 

marker level; 

 [݂ௗ,௕1,௕2](ܺ5;  is a natural cubic spline (with ݀ degrees of freedom and (⋅,5ߚ

boundary knots ܾ1, ܾ2) modelling the main association between the 

inflammation marker ܺ5 and the response; 
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 ܺ4 × [݂ௗ,௕1,௕2](ܺ5; -is the interaction term, modelling how the inflammation (⋅,6ߚ

marker response differs in progressors versus controllers (the 6ߚ,⋅ are the 

spline coefficients for this difference); and 

  .is a participant-specific normally distributed random effect ݒ

Mixed effects models with sex and days since entry confounders were fitted using 

the R package glmmTMB58; the spline terms used ݀ = 2 degrees of freedom with 

knot locations set automatically based on percentiles of ܺ5. 
Confidence intervals were obtained with the R package emmeans59 as Wald 

intervals on the linear predictor, marginalising over random effects and back-

transforming to the response scale. 

Testing 

The primary hypothesis tested whether the inflammation marker was associated with 

the response (the “Inflammation marker” effect; Table 3). If an association was 

detected, a secondary question was whether that association depended on 

progressor status (Table 3).  

Testing followed the same approach as for the time to TB model (two-sided 

likelihood ratio tests, with degrees of freedom equal to the number of coefficients 

tested). Multiple-testing correction was applied as described above (Bonferroni or 

Benjamini–Hochberg as appropriate). 

Response distributions 

Continuous responses constrained to the interval (0,1) were modelled using the beta 

distribution with a logit link function62. Because the beta density excludes the 

boundaries 0 and 1, observed values equal to 0 or 1 were moved off the boundary by 

the smaller of (a) replacement with the nearest observed interior value and (b) an 
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inward shift equal to the observed data range; the option yielding the smaller absolute 

change was chosen. COMPASS-derived response probabilities63 and 

polyfunctionality scores were modelled using this approach. 

Continuous positive responses without an upper bound were modelled using the 

gamma distribution with a log link function. The ΔHLA-DR signature20 was modelled 

using this approach. 

Count responses were modelled using the distribution that minimised the Bayesian 

Information Criterion, choosing between negative binomial with a log link and the 

beta-binomial with a logit link. Frequency data were analysed as count outcomes, 

with the number of cells as the dependent variable and the log of the number of cells 

in the parent population included as an offset. 

Robustness check on ࢖-values

To ensure that apparently significant p-values were not clearly driven by outliers, we 

implemented the following procedure. 

1. Fit the model to the original data and record the resulting p-value, denoted ݌௢௥௜௚.

2. Replace outlying values of pre-specified variable(s) with values closer to the 

centre of the variable’s distribution (details below).

3. Refit the model to the data with the shrunken variable(s) and obtain the 

corresponding p-value, denoted ݌shrunk.

4. Replace ݌௢௥௜௚ with ݌௦ℎ௥௨௡௞ if ݈10݃݋(݌௦ℎ௥௨௡௞) − (௢௥௜௚݌)10݃݋݈ > 1.5.

Some change in p-value is expected after shrinking; the aim here is to identify and 

correct p-values that are implausibly small due to extreme values. 

Definition of the shrunken variable 
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For a given continuous variable ݔ = ,1ݔ) … ,  by ∗ݔ ௡) we obtain a shrunken versionݔ

replacing observations that fall outside data-defined bounds with the nearest bound. 

Let ̄ݔmean and ̄ݔmed denote the sample mean and median of ݔ, and let ߪsd and ߪmad
denote the sample standard deviation and median absolute deviation. For ݇ ∈ ℝ>0
define ܾmin = min(̄ݔmean − ,sdߪ ݇ medݔ̄  − ,(madߪ ݇

and ܠ܉ܕ࢈ = ܖ܉܍ܕ̄࢞)ܠ܉ܕ + ,܌ܛ࣌ ࢑ ܌܍ܕ̄࢞  + .(܌܉ܕ࣌ ࢑

Each observation ࢞࢏ with ࢞࢏ < ࢏࢞ orܖܑܕ࢈ >  was replaced by the nearest bound  ܠ܉ܕ࢈
(i.e. by ܖܑܕ࢈or ܠ܉ܕ࢈, respectively), producing ࢞∗. 
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Data availability 

The processed mass cytometry data (live, debarcoded single cells, as well as CD4, 

CD8 and TCR γδ lineages) generated in this study have been deposited in Zenodo 

under the identifier 10.5281/zenodo.18402521. The processed count matrices used 

for statistical modeling (DataTidyACSCyTOFFAUST and DataTidyACSCyTOFCytokinesTCells) 

and the clinical data (DataTidyACSClinical) are available at the SATVILab GitHub 

organization (https://github.com/SATVILab) and are archived on Zenodo under the 

same identifier, 10.5281/zenodo.18402521. The processed RNA-seq and SomaScan 

proteomics datasets analyzed in this study are also archived on Zenodo with the 

identifier 10.5281/zenodo.18402521. Raw RNA-Seq data are available from the GEO 

database (accession numbers GSE79362 and GSE103147). The raw mass cytometry 

data are available from the corresponding author upon reasonable request. 

Code availability

The custom code for the StimGate algorithm and the analysis pipeline is available at 

the SATVILab GitHub organization (https://github.com/SATVILab), where 

the repos.list file lists the relevant repositories, including stimgate (cytokine-gating 

algorithm implementation) and CompACSCyTOFTCells (pipeline setup and 

dependencies). To facilitate reproducibility, a Docker container capable of 

regenerating the analysis environment and results is available 

at https://github.com/orgs/SATVILab/packages/container/compacscytoftcells/511043

745. All code repositories and the container image are archived on Zenodo with the 

identifier 10.5281/zenodo.18402521. 
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Figure Legends

Fig. 1: Technical and analytical pipelines for assessing T cell correlates of 

tuberculosis (TB) progression. (a) Schematic of participant sampling and peripheral 

blood mononuclear cell (PBMC) processing by mass cytometry (CyTOF). All 

participants were QuantiFERON-positive (QFT+) and/or tuberculin skin test-positive 

(TST+) at baseline, demonstrating evidence of current or prior Mtb infection. 

Participants were classified as progressors if they developed TB during follow-up or 

as controllers if they remained TB free. Multiple samples were acquired per participant, 

yielding 150 samples across 37 progressors and 36 controllers. After 

cryopreservation, samples were thawed, aliquoted, and stimulated for twelve hours. 

Cells were barcoded for simultaneous processing in small batches to reduce technical 

variation, then stained with 29 extracellular and 6 intracellular markers to characterise 

phenotype and function, particularly of T cells, and acquired by CyTOF. See “Methods” 

for details. (b) Pre-processing, clustering and analysis. Single-cell data were pre-

processed to obtain normalised, live, debarcoded, and debeaded (bead removal), 

minimising artefacts related to processing time. FAUST automatically identified 

detailed cell phenotypes, which were validated against manual gating on a subset of 

samples. An in-house cytokine-gating algorithm, StimGate, identified cytokine-positive 

cells within FAUST-identified phenotypes and was also validated against manual 

gating. Both bulk and cytokine-positive cells were analysed for associations with TB 

progression and TB-associated inflammation markers using mixed-effect models.  

Cytokine-positive CD4 T cells were also phenotyped with FlowSOM to confirm the 
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robustness of antigen-specific results derived from FAUST-defined cytokine-positive 

phenotypes. See “Methods” for details. 

Fig. 2: CD4 T cell phenotypes associated with TB progression or TB-associated 

inflammatory markers. (a) Summary of FAUST-identified CD4 T cell phenotypic 

subsets showing their abundance and statistical associations. Bar height indicates the 

median frequency of each phenotypic subset among CD4 T cells, and vertical error 

bars show the interquartile range.  Bar colour represents the strongest statistical 

association with either TB progression or inflammatory markers, after false discovery 

rate (FDR) correction by the Benjamini–Hochberg method. The middle heat map 

displays FAUST marker expression (blue, positive; blank, negative). The bottom heat 

map indicates the statistical significance of the association between abundance of the 

phenotypic subset with TB progression, or with each of three markers of inflammation 

separately. See “Methods” for further details. (b-g) Representative model outputs. For 

TB progression models, the x-axis shows days to TB diagnosis. We tested (i) Distal: 

whether controllers differ from progressors ≥ 630 days before diagnosis; (ii) Proximal: 

whether progressor responses change as diagnosis nears; and (iii) Progression: any 

overall difference between groups. For inflammatory-marker models, the x-axis 

represents RISK6 score or plasma abundance of MMP-1 or C9. We tested (i) the main 

effect of the marker (e.g. C9), and (ii) its interaction with progression status (e.g. 

Prog:C9). P-values from two-sided likelihood ratio tests using mixed-effects models 

are reported, with Benjamini-Hochberg-adjusted FDR adjustments (qfdr). Shaded 

bands denote 95% Wald confidence intervals for the linear predictor, back-

transformed to the response scale (orange = progressors; blue = controllers). The 
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central line shows the estimated mean value. For visual clarity, the controller band is 

shown at a constant height across time to TB. See “Methods” for further details.

Fig. 3: CD8 T cell phenotypes associated with TB progression or TB-associated 

inflammatory markers. (a) Summary of FAUST-identified CD8 T cell phenotypic 

subsets showing their abundance and statistical associations. Bar height indicates the 

median frequency of each phenotypic subset among CD4 T cells, and vertical error 

bars show the interquartile range.  Bar colour represents the strongest statistical 

association with either TB progression or inflammatory markers, after false discovery 

rate (FDR) correction by the Benjamini–Hochberg method. The middle heat map 

displays FAUST marker expression (blue, positive; blank, negative). The bottom heat 

map indicates the statistical significance of the association between abundance of the 

phenotypic subset with TB progression, or with each of three markers of inflammation 

separately. (b-g) Representative models of CD8 T cell phenotypic subsets associated 

with inflammatory markers. The x-axis represents RISK6 score or plasma abundance 

of MMP-1 or C9. We tested (i) the main effect of the marker (e.g. C9), and (ii) its 

interaction with progression status (e.g. Prog:C9). P-values from two-sided likelihood 

ratio tests using mixed-effects models are reported, with Benjamini-Hochberg-

adjusted FDR adjustments (qfdr). Shaded bands denote 95% Wald confidence 

intervals for the linear predictor, back-transformed to the response scale (orange = 

progressors; blue = controllers). The central line shows the estimated mean value. For 

visual clarity, the controller band is shown at a constant height across time to TB. 

Fig. 4: TCRγδ T cell phenotypes associated with TB progression or TB-

associated inflammatory markers. (a) Summary of FAUST-identified TCRγδ T cell 
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phenotypic subsets showing their abundance and statistical associations. Bar height 

indicates the median frequency of each phenotypic subset among CD4 T cells, and 

vertical error bars show the interquartile range.  Bar colour represents the strongest 

statistical association with either TB progression or inflammatory markers, after false 

discovery rate (FDR) correction by the Benjamini–Hochberg method. The middle heat 

map displays FAUST marker expression (blue, positive; blank, negative). The bottom 

heat map indicates the statistical significance of the association between abundance 

of the phenotypic subset with TB progression, or with each of three markers of 

inflammation separately. (b-d) Examples of TCRγδ T cell phenotypic subset models. 

For TB progression, the x-axis shows days to TB diagnosis. We tested (i) Distal: 

whether controllers differ from progressors ≥ 630 days before diagnosis; (ii) Proximal: 

whether progressor responses change as diagnosis nears; and (iii) Progression: any 

overall difference between groups. For inflammatory-marker models, the x-axis 

represents plasma abundance of C9 or RISK6 score. We tested (i) the main effect of 

the marker (e.g. C9), and (ii) its interaction with progression status (e.g. Prog:C9). P-

values from two-sided likelihood ratio tests using mixed-effects models are reported, 

with Benjamini-Hochberg-adjusted FDR adjustments (qfdr). Shaded bands denote 95% 

Wald confidence intervals for the linear predictor, back-transformed to the response 

scale (orange = progressors; blue = controllers). The central line shows the estimated 

mean value. For visual clarity, the controller band is shown at a constant height across 

time to TB.  

Fig. 5: Antigen-specific CD4 Th1/Th17 and HLA-DR⁺ Mtb-specific T cell response 

associated with TB progression or TB-associated inflammatory markers. (a-d) 

Response probabilities, computed using COMPASS, for CD4 T cell subsets 
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expressing the cytokine combinations shown in the heatmaps below the box-and-

whisker plots, across four antigen stimulation conditions. Only cytokine combinations 

with sufficient evidence of a response for at least one stimulation are shown in the 

heatmaps. The thick horizontal lines represent medians, the boxes represent IQR and 

the whiskers the range. (e-g) Representative model outputs for TB progression models 

for antigen-specific Th1/Th17+ CD4 T cells against TB progression.. We tested (i) 

Distal: whether controllers differ from progressors ≥ 630 days before diagnosis; (ii) 

Proximal: whether progressor responses change as diagnosis nears; and (iii) 

Progression: any overall difference between groups. (h-j). Antigen-specific CD4 T cell 

activation, computed by ΔHLA-DR expression on cytokine+ CD4 T cells (Mpande, 

2020), against TB progression or RISK6. (k-m) Selected antigen-specific CD4 T cell 

cytokine-expressing phenotypic subsets, identified by FAUST phenotypes, associated 

with TB progression. Phenotypes are specified in the y-axis titles; subsets are negative 

for all unlisted phenotyping markers. The notation qfwer denotes the Bonferroni-

adjusted p-value that controls the family-wise type I error rate. Statistical models, 

testing procedures, q-value notation, confidence-band and colour conventions as in 

Fig. 2b; see “Methods” for details. 

Fig. 6: Antigen-specific CD8 and TCRγδ Th1 responses associated with TB 

progression or TB-associated inflammatory markers. CD8 T cell (a,b,c) and 

TCRγδ cell (d) response probabilities, computed by COMPASS, for cell subsets 

expressing the cytokine combinations shown in the heatmaps below the box-and-

whisker plots, across four antigen stimulation conditions. The thick horizontal lines 

represent medians, the boxes represent IQR and the whiskers the range. Only 

cytokine combinations with sufficient evidence of a response for at least one 
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stimulation are shown. No CD8 T cell response was observed for non-secreted Mtb

proteins. For TCRγδ cells no response was observed for stimulations other than live 

Mtb. (e-g) Antigen-specific CD8 T cell responses associated with TB progression. (e 

and f) refer to total CD8 T cell responses; (g) refers to a specific CD8 T cell phenotype. 

Phenotype is specified in the y-axis title; subset is negative for all unlisted phenotyping 

markers. Antigen-reactive TCRγδ T cell responses associated with TB progression (h) 

or MMP-1 (i,j). The left and middle plots refer to total TCRγδ T cell responses; the right 

plot refers to a specific TCRγδ T cell phenotype. Phenotype is specified in the y-axis 

title; subset is negative for all unlisted phenotyping markers. The notation qfwer denotes 

the Bonferroni-adjusted p-value that controls the family-wise type I error rate. 

Statistical models, testing procedures, q-value notation, confidence-band and colour 

conventions as in Fig. 2b; see “Methods” for details. 
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Table 1: Progressor and controller demographic breakdown and per-assay 

counts of participants and samples. Summary of participant demographics and 

the number of participants and samples included in each assay, stratified by disease 

outcome group.

Progressors

(n = 44) 

Controllers

 (n = 106) 

Total 

(n = 150) 

Demographic data 

  Ethnicity, n (%) 

    Colored (Cape mixed ancestry) 40 (90.9%) 97 (91.5%) 137 (91.3%)

   Black (African ancestry) 4 (9.1%) 9 (8.5%) 13 (8.7%) 

  Female, n (%) 31 (70.5%) 69 (65.1%) 100 (66.7%)

  Age at baseline, years (mean, range) 15.5 (12-18) 15.6 (13-18) 15.6 (12-18)

  Previous diagnosis of tuberculosis, n (%) 5 (11.4%) 16 (15.1%) 21 (14%) 

CyTOF data 

  Participants, n 37 36 73 

  Samples, n 76 72 148 

SOMAScan data 

  Participants, n 37 104 141 

  Samples, n 82 290 372 

RISK6 data 

  Participants, n 40 105 145 

  Samples, n 82 286 368 
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Table 2: Hypotheses for time to TB model. 
Hypothesis Null hypothesis Non-null interpretation Primary 

hypothesis 

Progression

4ߚ = 51ߚ = 52ߚ
= ⋯ = 5೏ߚ = 0

There is distal and/or proximal TB 

effect 

Yes 

Distal TB 4ߚ = 0 Progressors differ from controllers 

beyond 630 days from Mtb

diagnosis 

No 

Proximal 

TB 

51ߚ = 52ߚ = ⋯= 5೏ߚ = 0

The response by progressors 

changes from 630 days from Mtb

diagnosis to TB diagnosis itself 

No 
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Table 3: Hypotheses for TB-associated inflammation marker model.
Hypothesis Null hypothesis Non-null 

interpretation 

Primary for 

hypothesis 

Inflammation marker 51ߚ = 52ߚ = ⋯= 5೏ߚ = =61ߚ 62ߚ = ⋯
= 6೏ߚ = 0

The inflammation 

marker influences the 

response 

Yes 

Progression:inflammation 

marker 

61ߚ = 62ߚ = ⋯= 6೏ߚ = 0

The effect of the 

inflammation marker 

depends on 

progressor status 

No 
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